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A B S T R A C T   

Despite extensive studies, the development of solid-state batteries (SSBs) has not yet met expectations, owing 
mainly to the lack of suitable solid electrolytes (SEs) that exhibit low electronic conductivity (σe), high ionic 
conductivity (σi), and good stability. Here, we propose an effective target-driven framework for holistic iden-
tifying promising garnet-type SEs. Using artificial intelligence (AI) technologies, we accurately predict the σe 

with a mean absolute error of 0.25 eV, achieving a computed speed that is ~109 faster than ab initio calculations. 
Successfully, from 29,008 garnets, we discovered 12 promising super Li-ion conductors for SEs with σe 

< 3.6 × 10− 30 S cm− 1, σi > 10− 4 S cm− 1 (up to 3.24 S cm− 1), and good thermal stability at room temperature 
and high temperature based on rigorous ab initio validation. These emerging SEs are expected to be used in Li-ion 
SSBs, thus improving the safety, performance, and lifetime of state-of-the-art energy storage technology. This 
approach directly cuts across at least 95 years of computational cycles to screen SEs, resulting in significant cost 
savings and helping us enter an electrified future that relies less on fossil fuels. 
Data availability: The data that support the machine learning model of this study are available at: https://www. 
materialsproject.org.   

1. Introduction 

Lithium-ion batteries (LIBs), as representative modern high- 
performance batteries, are widely used in our lives in devices ranging 
from personal electronics and electric vehicles (EVs) to aerospace de-
vices [1–3]. However, traditional LIBs employ flammable liquid elec-
trolytes, suffer from insufficient energy density and lithium dendrite 
issues and pose potential safety risks (spontaneous combustion and ex-
plosion) [4,5]. Advanced energy storage technologies urgently need to 
be developed considering the rapid growth of electric vehicles and grid 
energy storage demands, leading to significant attention that has been 
paid to achieving higher energy density, better safety, and lower 
expenditure for battery equipment [6–8]. Although liquid electrolytes 
have high ionic conductivity and good electrode wettability, the di-
versity and complexity of electrolyte components (including salts, 
organic or inorganic solvents and additives) inevitably present many 
challenges, which are closely related to their uncontrollable constituents 
[9]. Therefore, we are motivated to explore beyond traditional LIB 
technologies (such as solid-state aluminum-ion batteries (AIBs) [10–12], 
sodium-ion batteries (SIBs) [13–15], magnesium-ion batteries (MIBs) 

[16,17]), and the design or discovery of solid electrolytes (SEs) [18–20]. 
In particular, due to the high mechanical strength and noninflammable 
nature of SEs, solid-state batteries (SSBs) hopefully completely address 
the safety and dendrite issues of LIBs and achieve high energy density 
with low-cost manufacturing technology [21,22]. Consequently, 
designing and finding excellent SEs is regarded as one of the critical 
challenges and has continued to attract enormous attention over recent 
years [18,23]. 

The best SE materials must have high ionic conductivity (σi > 10− 4 

S cm− 1, or “superionic conductors”), low electronic conductivity (σe <

3.6 × 10− 30 S cm− 1, or band gap > 4.0 eV, insulating), and good ther-
mal stability at room temperature (RT) [18,24,25]. σi is a key factor in 
determining the internal resistance and multiplier performance of the 
battery. When the electrolyte σi is high, insulation treatment (low σe) 
should be carried out to ensure that the electron across the electrolyte is 
negligible, avoiding the occurrence of a self-discharge process [18]. In 
particular, Han et al. revealed that lithium dendrites are more likely to 
form in solid electrolytes because of the high electronic conductivity of 
solid electrolytes [25]. With such stringent criteria, most of the currently 
well-studied SEs may be excluded due to the difficulty of meeting all the 
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conditions, and the low ion mobility is usually neglected in most 
research work. Although a great deal of work has been done on various 
aspects of SE research, determining which electrolyte is more suitable 
for SSB applications is still a great challenge. Perovskite-type SE Li3x-

La2/3-xØ1/3–2xTiO3 (Ø, vacancy, 0 < x < 0.16) (LLTO) shows a high bulk 
σi of 10− 3 S cm− 1 at RT, but the conductivity is greatly affected by the 
crystal lattice and relative lithium concentration [26,27]. LixPOyNz 
(x = 2y + 3z – 5) (LiPON) has good stability but exhibits a low σi of 10− 6 

S cm− 1. Li14ZnGe4O16 (LZGO, LISICON-type) exhibits a γ-Li3PO4-type 
structure with a high σi of ~0.125 S cm− 1 at 600 K, but it decreases 
sharply to ~10− 7 S cm− 1 at RT [28]. Among the different types of SEs, 
garnet-type Li7La3Zr2O12 (LLZO), with a relatively high σi of 10− 4–10− 3 

S cm− 1, good stability, and large electrochemical window, has been 
considered one of the most promising and important SEs [29]. The 
question of whether the σi can be further improved is also still open. 
Recent studies on the ionic conductivity, electronic conductivity, syn-
thesis, and battery architectures of garnet-type SEs have been reported 
extensively [30,31]. Designing and seeking ideal garnet-type SEs has 
become the focus of current researchers. However, to date, there has not 
been a systematic mining of garnet materials for SEs. 

Conventional garnet materials are a group of orthosilicates that have 
a common chemical formula of {A}3(B)2[C]3<X>12 (A, B, and C cations 
occupy eight, six, and four coordination sites, respectively, and X anions 
occupy vertices) and crystallize in a cubic structure (space group Ia3d). 
There are vast selections for A-, B- and C-sites such as A = Ca, Mg, Na, 
La, B = Al, Fe, Ga, Sc, and C = Si, Ge, Al, Li, combining into tens of 
thousands of different garnets. When A-, B-, or C-sites within garnet 
structures are occupied by Li, Mg, Al, etc., they become potentially 
garnet-type SEs for LIBs, MIBs, AIBs, etc. Both experimental and 
computational methods contribute to the targeted exploration of garnet- 
type SEs; in particular, first-principles calculations based on density 
functional theory (DFT) can provide microscopic viewpoints on atomic 
shuttles, lattice distortion, and thermal dynamic stability [30,32]. 
However, in the vast search space for garnet materials, these traditional 
approaches are not suitable for such a huge screening and discovery 
process, which will undoubtedly produce huge costs and will be 
time-consuming. For this main reason, garnet-type SEs have so far not 
been studied on a large scale. Gratifyingly, with the rapid development 
of material informatics, DFT calculations integrate many machine 
learning (ML) algorithms [33,34] such as deep neural networks (DNNs) 
[35,36], extreme gradient boosting (XGBoost) [37,38], and transfer 
learning (TL) [39–41], accelerating calculations and establishing reli-
able relationships between material compositions, structures, and 
properties that can be used to guide the design and discovery of new 
energy materials. Recently, some researches about ML to predict SE 
properties are reported. Chen et al. considered uniformity and ionic 
conductivity for evaluating SE films under the guidance of ML [42]. 
Wang et al. proposed a new solid polymer electrolyte design approach 
that integrated coarse-grained molecular dynamics (CGMD) with ML 
[43]. Zhao et al. introduced a framework of ML prediction for cubic 
Li-argyrodites, showing great potential in promoting rational design of 
advanced SEs. These researches provide new avenues and methods for 
the discovery of promising garnet-type SEs for SSBs [44]. 

Here, we pioneer the utilization of ML technologies to systematically 
accelerate the discovery of garnet-type SEs. Our work provides a 
comprehensive screening study integrating multiple critical factors such 
as σe, σi, and thermodynamic stability. We first collect 286 garnet 
structures with calculated band gaps (Eg) from the Materials Project 
(MP) database [45] and construct 29,008 garnets by combining four 
elements from 286 known garnets. Then, 7067 garnets are expected to 
be structurally stable through tolerance factor filtering. By feature 
construction and extraction based on element properties, we establish a 
classification model (XGB-C) and a regression model (XGB-R) on 286 
garnets using XGBoost. The XGB-C model classifies the narrower band 
gap (NEg, Eg < 0.5 eV) and the wider band gap (WEg, Eg > 0.5 eV) with a 

high accuracy of 88.5%, and the XGB-R model predicts Eg for WEg with a 
very low mean absolute error (MAE) of 0.25 eV, achieving a computed 
speed that is ~109 faster than ab initio calculations. Fleetingly, we 
employ the XGB-C model and XGB-R model to predict 7067 garnets and 
select 29 garnets with low σe (< 3.6 × 10− 30 S cm− 1). Subsequently, we 
perform the reliable climbing image nudged elastic band (CI-NEB) 
method [46] to predict σi and use long-range ab initio molecular dy-
namics (AIMD) to evaluate the thermal dynamic stability at RT and high 
temperature. Finally, we discovered 12 new garnets (Dy3Ga2Li3O12, 
Dy3Sc2Li3O12, Gd3Sc2Li3O12, Ho3Ga2Li3O12, Ho3Sc2Li3O12, 
La3Sc2Li3O12, Nd3Sc2Li3O12, Pr3Sc2Li3O12, Sm3Sc2Li3O12, Tb3Al2Li3O12, 
Tm3Ga2Li3O12, Y3Ga2Li3O12) with a high σi of 10− 4–101 S cm− 1 and 
good thermal stability at RT and high temperature. These garnets will be 
great promising garnet-type SEs for solid-state LIBs. Our model suc-
cessfully discovered 12 garnet-type SEs from 29,008 structures, signifi-
cantly shortening the screening process of garnets by ~95 years 
computationally, saving a lot experimental costs, thus providing unique 
insight and means for the development of SEs for SSBs and promoting 
the development of advanced energy storage technologies. 

2. Results and discussion 

2.1. ML framework to discover garnet-type SEs 

Our screening workflow for garnet-based electrolytes is described in  
Fig. 1. We first selected the proper site elements (Fig. S1 of the Sup-
plementary Materials (SM)) for the A-, B-, C-, and X-sites based on the 
286 known garnets in the Materials Project (MP) database [45], where 
tens of thousands of possible garnets (Fig. 1a) were generated. Then, we 
used the tolerance factor (Tf) [47] to preliminarily evaluate the struc-
tural stabilities of these garnets (Fig. 1b), leaving thousands of garnets 
that we considered potentially stable. Next, we performed feature en-
gineering (feature construction, feature screening, and feature extrac-
tion) to determine the optimal features for the ML model (Fig. 1c). As 
shown in Fig. 1d, based on the 286 known garnets, we established a 
classification model (XGB-C) to classify the narrower band gap (NEg, Eg 
< 0.5 eV) and the wider band gap (WEg, Eg > 0.5 eV). Then, for the WEg, 
we further established a regression model (XGB-R) to accurately predict 
Eg and quickly determine the large band gap (with low electronic con-
ductivity) garnets for electrolytes. Therefore, for the potentially stable 
garnets in Fig. 1b, we used the well-trained XGB-C and XGB-R models to 
predict Eg in microseconds and obtain garnets with low electronic con-
ductivity. Furthermore, small-scale first-principles calculations were 
performed to make accurate validations and determinations for the ul-
timate candidate garnet-based electrolytes, including global structural 
optimizations, electronic and ionic conductivity calculations, and ther-
mal dynamical simulations (Fig. 1e). The detailed step-by-step screening 
process for garnet-type solid electrolytes is provided in Fig. S2. 

2.2. Data generation 

The garnet structure is known to consist of multitype polyhedrons, 
which are the dodecahedron {A}, the octahedron (B), and the tetrahe-
dron [C]. The vertices of the dodecahedron, octahedron, and tetrahe-
dron are occupied by anions <X> . In this work, we collected 286 garnet 
structures with the same chemical form of {A}3(B)2[C]3<X>12 and the 
space group of Ia3d from the MP database [45]. Among these structures, 
79 garnets have been synthesized experimentally at ambient pressure 
and room temperature, while 207 garnets come from first-principles 
calculations. The statistics of site chemical elements are provided in 
Fig. S1. In Fig. 2a, the band gap distribution of these 286 garnets based 
on DFT calculations from MP database is presented [45], covering a 
wide range of 0–8 eV. Nearly 40% (107 garnets) of the band gaps are less 
than 0.5 eV (narrow Eg, NEg for short), and the remaining 60% (179 
garnets) are distributed relatively evenly. The statistical violin diagram 
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is shown in Fig. 2b. Clearly, 50% of Eg is in the range of 0–3 eV, while 
90% is in the range of approximately 0–4 eV. The wide Eg coverage 
ensures that we can find the desired appropriate Eg in the unknown 
prediction dataset. 

Furthermore, from the site elements of these 286 known garnets (see 
Fig. 1a and Fig. S1), we generated 29,008 different possible garnets as 
the initial dataset by the substitution of chemical species. Before using 
the ML model, we preliminarily judged the structural stability by a 
tolerance factor that depends on the ionic radius of the four sites (see 
Fig. 2c). Fig. 2d shows the distribution of Tf for 29,008 structures, and 
since the structure is considered stable when its Tf meets 0.9 < Tf < 1.1 
(see Methods), 7067 structures are selected from 29,008 structures for 
further prediction. 

2.3. ML model for garnet materials 

To obtain large band gap garnets quickly from 7067 structures at the 
lowest cost, it is efficient to establish reliable ML models for predicting 

the band gaps rather than using many experimental measurements or 
DFT calculations. According to Fig. 2a and b, a considerable portion of 
Eg (107 garnets, account for ~40%) is concentrated at 0–0.5 eV, 
resulting in an imbalanced dataset, which further destabilizes the ML 
models and affects the final prediction accuracy. To remove this barrier, 
we established a classification model to classify the narrower band gap 
(NEg, Eg < 0.5 eV) and the wider band gap (WEg, Eg > 0.5 eV). Then, for 
the WEg (179 garnets), we further established a regression model (XGB- 
R) for accurately predicting Eg to quickly determine the large band gap 
(low electronic conductivity, see Methods) garnets for electrolytes. 

A precondition is the determination of features that are the inputs for 
ML. Based on the relationship between accessible element properties 
and material properties [38,48], we preliminarily constructed the 
feature set of seven elemental properties: dipole polarizability (P), 
atomic number (AN), covalent radius (cr), van der Waals radius (vr), 
EN_Ghosh (EG), first ionization energy (IE), and valence electron (VE) 
(see full list of features in Table S1 of SM). For four site elements, a 
28-dimensional feature vector was constructed for each structure. Then, 

Fig. 1. Overview of the framework to discover garnet solid electrolytes. a Left panel, crystal structure of garnet materials with four element sites and space group of 
Ia3d. Right panel, suitable element selection based on 286 known garnets for structure generation, where 37 elements are selected for the dodecahedron A-site, 28 
elements for the octahedral B-site, 14 elements for the tetrahedron C-site, and two elements for the X-site. b Preliminary judgment of structural stability by tolerance 
factor, according to the ionic radius of four sites. c Feature engineering based on elemental properties for the ML model. d A narrower/wider band gap (NEg/WEg) 
classification model (XGB-C) and a band gap regression model (XGB-R) built for electronic conductivity prediction. e Further validation and screening for candidate 
garnets by first-principles calculations. 
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feature screening was implicitly accomplished by XGBoost, and feature 
importance was evaluated by the F-score, which can measure the ability 
of the algorithm to distinguish two categories of features and is one of 
the best criteria for ranking the importance of features. As shown in  
Fig. 3a, we extracted 16 relatively important features with F-scores 
greater than 50 (the full ordering of features is provided in Fig. S3 of 
SM), which are the first ionization of the B-site (IEB), atomic number of 
the A-site (ANA), and dipole polarizability of the A-site (PA). The heat 
map of Pearson correlation coefficients (PCCs) from − 1.0 to 1.0 for 
these 16 features is shown in Fig. 3b, and most PCCs are between − 0.2 
and 0.2 and show weak linear relationships, which indicates the non-
redundancy of features. The XGB-C model is constructed based on these 
16 features to classify NEg/WEg, and 10-fold cross-validations (CVs) 
were performed to evaluate the model accuracy. We obtained the 
optimal model through the grid search method for hyper-parameters 
(see Table S2). As shown in Fig. 3c, the receiver operating character-
istic (ROC) curves between the true positive rate and false positive rate 
of 10-fold CVs on the testing set are presented, together with the cor-
responding AUCs (an area under the ROC curves). The testing AUCs are 
0.828, 0.966, 0.793, 0.897, 0.897, 0.897, 0.893, 0.893, 0.893, and 
0.893, respectively, and 0.885 for average (see training and testing re-
sults in Table S3), signifying the excellent discrimination between the 
NEg and WEg by the XGB-C model and the sensitivities and effectiveness 
of 16 features for NEg/WEg. More discussion of feature engineering is 
provided in Note S1. In Fig. 3d, the band gaps of the remaining 7067 
potentially stable garnets are predicted by the well-trained XGB-C 
model, where 3266 garnets have NEg and 3801 garnets have WEg. 

Furthermore, for the WEg, we established a regression model (XGB- 
R) to subtly predict Eg, and in this way, we could quickly select garnets 
with larger band gaps, namely, low electronic conductivities. Similarly, 
we constructed the initial set of features using the above seven elemental 
properties and determined 15 relatively important features with F- 
scores > 100 through feature screening and extraction by XGBoost 

(Fig. 4a; see the full ordering of features in Fig. S4). The heat map of 
PCCs for these 15 features in Fig. 4b also shows weak linear relation-
ships, which ensures the robust training of the XGB-R model. We used 
two metrics to measure the accuracy of the XGB-R model: the mean 
absolute errors (MAEs, eV) and coefficient of determination (R2). The 
testing results with MAEs of 10-fold CVs for the XGB-R model are shown 
in Fig. 4c. The ML predicted band gaps have a high consistency with the 
band gaps calculated by the Perdew-Burke-Ernzerhof (PBE) functional. 
The MAEs are 0.19, 0.28, 0.33, 0.36, 0.12, 0.30, 0.13, 0.21, 0.37, and 
0.16, respectively, and 0.25 for average. The details of R2 are provided 
in Table S3 of SM, which has an average of 0.866. More plots of 10-fold 
cross validations are shown in Fig. S5. The above results demonstrate the 
outstanding performance of the XGB-R model, and more discussion of 
feature engineering and model rational analysis are provided in Notes S1 
and S2. Then, the well-trained model was applied to the 3801 garnets 
with WEg to predict their band gaps, and the prediction results are 
shown in Fig. 4d. We notice that the predicted band gaps basically 
present a normal distribution (blue histogram) between 0.5 and 7.0 eV, 
and the cumulative percent curve (red curve) almost presents an S- 
shape. The short dashed line in Fig. 4d denotes the Eg of 4.0 eV, which is 
considered the Eg of insulators that have extremely low electronic con-
ductivities (σe < 3.6 × 10− 30 S cm− 1). Finally, we counted 210 new 
garnets with Eg > 4.0 eV (outside of the known 286 structures), where 
161 garnets with X = F- and 49 with X = O2- (see full list in Tables S4 
and S5 of SM) deserve to be studied further for solid electrolytes. 

Since our objective is to screen and discover garnets with low elec-
tronic conductivities and high ionic conductivities, we narrowed the 
study range down to 210 garnets with Eg > 4.0 eV (σe < 3.6 × 10− 30 

S cm− 1) (see Fig. S2). In addition, considering that oxide-type electro-
lytes generally exhibit high ionic conductivities and high mechanical 
strength and that halides are more difficult to prepare experimentally 
than oxides [49–51], we further studied 49 oxides (X = O2-) in further 
first-principles calculations (see the list in Table S4). During the 

Fig. 2. Garnet dataset statistics. a Band gap histogram (left) together with cumulative percent (right) for 286 known garnets. b Statistical violin diagram of Eg for 286 
known garnets. c Ionic radius for four site elements. d Distribution of Tf for 29,008 structures, and 7067 structures with 0.9 < Tf < 1.1 are considered stable. 
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structural optimizations, we found that two structures (Dy3Ga2Al3O12 
and Na3Sc2Li3O12) change significantly, resulting in the final non-
convergence, which may be caused by the mismatches between the el-
ements (since their stabilities are roughly evaluated by Tf), and we 
excluded them. The Eg (predicted and calculated) of the other 47 
structures are shown in Fig. 5a and Table S4, and there is a small dif-
ference between the Eg predicted by the XGB-R model and those 
calculated by DFT for most structures. Only a few structures such as 
Co3Al2Li3O12, V3Al2Li3O12, and Y3Al2Si3O12, whose Eg are less than 
0.5 eV or quite different from the DFT calculations, are also within the 
allowable error range of the XGB-C and XGB-R models. The above results 
once again prove the accuracy of our models, which can be used to 
accurately classify and predict the electronic conductivities of garnet 
structures. 

Moreover, we usually spent extensive time on the DFT calculations 
for garnet structures, as shown in Fig. 5b and Table S6, each structure 
taking approximately 101,597 s on average (approximately 1.2 days), 
whereas the prediction time of both XGB-C and XGB-R models for 7067 
garnet structures can be almost negligible (each one in milliseconds), 
manifesting a computed speed that is faster than using DFT calculations 
on supercomputers by a factor of ~109, the calculation time of first- 
principles for totally 29,008 garnet structures, which is approximately 
95 years, is greatly shortened, thus saving significant costs and time for 
finding new garnets. In particular, in experiments, obtaining a solid 
electrolyte and its properties generally requires steps such as synthesis 
and testing. After our preliminary calculation, it takes at least 64 h to 
synthesize and test a single SE [52]. In this way, the experimental cycle 
will be tremendously shortened for a total of 29,008 garnet structures 
using our AI method. In addition, a key factor affecting the application 
of power batteries is their high production cost. At present, the materials 
of solid-state batteries are controlled mainly by the oxide solid 

electrolyte LLZO, whose price is approximately $2000 kg− 1. After an 
estimate, our screening method can save at least $57 million for the 
experimental cost [53]. 

2.4. Electronic properties of 29 garnets 

In batteries, electronic conduction across the electrolytes must be 
negligible. In particular, recent studies have revealed that lithium den-
drites are more likely to form in solid electrolytes because of the high 
electronic conductivity of solid electrolytes [25]. Therefore, from 47 
garnets in Table S4, we strictly selected 29 garnets with calculated Eg 
larger than 4.0 eV for detailed study to ensure extremely low electronic 
conductivities. The lattice lengths, lattice angles, predicted Eg and 
calculated Eg are shown in Table 1. Some garnets, the predicted Eg of 
which is larger than 4.0 eV, are also excluded from further study if the 
calculated Eg is slightly less than 4.0 eV. (such as Er3Ga2Al3O12, the 
predicted Eg and calculated Eg are 4.04 eV and 3.98 eV, respectively). In 
these 29 structures, the lattice lengths and angles do not change 
significantly during the global geometric optimizations, which indicates 
the stability of the geometric structures. The density of states (DOSs) of 
the 29 garnets are shown in Fig. 6 and Figs. S6 and S7, where the con-
duction band minima (CBM) are away from the Fermi level (energy =
0 eV) and dominated by the A-site (red areas) and B-site (green areas) 
atoms, while the valence band maxima (VBM) are close to the Fermi 
level and contributed by the X-site (cyan areas) atoms for the most part, 
indicating that the elements in garnet structures have an important in-
fluence on their electronic conductivity, which is also one of the 
research drivers of this work. 

Wide band gaps allow all these structures to have electronic con-
ductivity below 3.6 × 10− 30 S cm− 1, which satisfies one of the condi-
tions for solid electrolytes. In addition, each of these structures can be a 

Fig. 3. Results of XGB-C model. a 16 relatively 
important features with F-scores > 50 that were 
screened and extracted by XGBoost. b Heat map 
of Pearson correlation coefficients (PCCs) from 
− 1.0 (blue) to 1.0 (red) for these 16 features. c 
Receiver operating characteristic (ROC) curves 
obtained from 10-fold cross-validations, 
together with the AUCs. d Classification of 
7067 potentially stable garnets by the XGB-C 
model, where 3266 garnets have predicted 
band gaps (EML

g )< 0.5 eV and 3801 have EML
g 

> 0.5 eV.   
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candidate for the corresponding solid electrolyte; for example, 
Ca3Ga2Al3O12 may be applied to solid-state AIBs, Ca3Sc2Li3O12, 
Dy3Ga2Li3O12, and Er3Ga2Li3O12 for solid-state LIBs, and Na3Ga2Si3O12 
for SIBs. Since solid electrolyte suitability is the primary motivation for 
examining these properties of electrons and ions, more calculations and 
analysis of the ionic properties of these 29 garnet structures are 
necessary. 

2.5. Ionic conductivities of 29 garnets 

In addition to extremely low electronic conductivity, high ionic 
conductivity at RT is also one of the most critical and important condi-
tions for a good solid electrolyte. We estimated the diffusion coefficient 
by simulating the diffusion of ions within the crystal by the reliable 
climbing image nudged elastic band (CI-NEB) method [46], which has 
been widely used in simulating the diffusion of ions and its high 
computational precision can guide the experiments [54–57]. Then, we 
obtained the reaction path and the migration energy barrier (or “acti-
vation energy”, Ea), as well as the final ionic conductivity σi. The full 
information is presented in Table 2 and Table S7. We found that 
Tm3Sc2Li3O12 has a maximum Ea of 2.06 eV and a minimum σi of 
9.70 × 10− 33 S cm− 1, while Dy3Ga2Li3O12 has a minimum Ea of 0.12 eV 
and a maximum σi of 3.24 S cm− 1. In general, “superionic conductors” 
are materials with ionic conductivities of 1.0 × 10− 6 S cm− 1 comparable 
to the ionic conductivity of liquid electrolytes, and low ion migration 
activation energies of less than 0.4 eV at room temperature. Following 
this standard, we selected 12 Li-ion “superionic conductors” from 
Table S7: Dy3Ga2Li3O12, Dy3Sc2Li3O12, Gd3Sc2Li3O12, Ho3Ga2Li3O12, 
Ho3Sc2Li3O12, La3Sc2Li3O12, Nd3Sc2Li3O12, Pr3Sc2Li3O12, Sm3Sc2Li3O12, 
Tb3Al2Li3O12, Tm3Ga2Li3O12, and Y3Ga2Li3O12 (Table 2). Visualizations 
of the migration path and energy shift are provided in Figs. S8–S13 of 

Fig. 4. Results of XGB-R model. a 15 relatively important features with F-scores > 100 that were screened and extracted by XGBoost. b Heat map of PCCs from − 1.0 
(blue) to 1.0 (red) for these 15 features. c Correlation plots of Eg against PBE and ML on 10-fold CVs. d Regression prediction for 3801 wider band gap garnets by the 
XGB-R model, where 210 new garnets were selected that have EML

g > 4.0 eV and consist of 161 halides (X = F-) and 49 oxides (X = O2-). 

Fig. 5. DFT calculations for 47 garnet structures. a Comparison of Eg (EML
g ) 

predicted by the XGB-R model and Eg (EPBE
g ) calculated by DFT for 47 garnet 

structures. The complete values of Eg are provided in Table S4 of SM. b 
Calculation time (sec) for 47 garnet structures on 24-CPU supercomputers. The 
red line denotes the average time of 101,597 s (approximately 1.2 days). 
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SM. 
As shown in Fig. 7, 12 garnets (squares, above the dotted line of 10− 4 

S cm− 1) show high ionic conductivities (σi > 1.0 ×10− 4 S cm− 1) and can 
even compete with the best superionic conductor materials experi-
mentally available today. For instance, Li10.35Si1.35P1.65S12, Li7P3S11, 
and LLZO (garnet-type) show ~6.5 × 10− 3 S cm− 1, ~4.1 × 10− 3 

S cm− 1, and 10− 4–10− 3 S cm− 1, respectively [58–61], and they have 
been used for SSBs in the laboratory owing to their high σi. However, 
their σi values are slightly inferior to our predicted structures of 
Y3Ga2Li3O12 (0.24 S cm− 1) and Pr3Sc2Li3O12 (0.12 S cm− 1) and much 
worse than our predicted candidates of Dy3Ga2Li3O12 (3.24 S cm− 1) and 
Ho3Ga2Li3O12 (1.52 S cm− 1). Additionally, the 12 predicted new mate-
rials are pure garnets, whose ionic conductivities have exceeded the 
ionic conductivity of many superionic conductors obtained through 
doping and complex experimental designs. Perhaps through doping and 
other means, the ionic conductivities of the 12 predicted new structures 
will be further improved. These 12 structures show high ionic conduc-
tivities that can directly improve the mobility of lithium ions, weaken 
the concentration polarization during charge and discharge, and 
improve the power density of the SSBs. Additionally, they greatly 
expand the family of SEs and bring a new dawn for superionic SEs. 

Although there are some rare metal elements (i.e. Sc) in the screened 
12 garnets, their excellent properties still have broad applications. In 
addition, some garnet structures with low electronic conductivities were 
screened out, as shown in Table S7 of SM. Although their simulated ionic 
conductivities are not high, they can be improved experimentally 
(doping or composite technology) to become candidate SEs for SSBs. 
Such as Ca3Sc2Li3O12 (3.50 × 10− 6 S cm− 1), Er3Ga2Li3O12 (1.33 × 10− 8 

S cm− 1), and Li3Al2Li3O12 (1.75 × 10− 12 S cm− 1) in Table S7. Moreover, 
we also calculated the migrations of Al ions within Ca3Ga2Al3O12 
(8.21 × 10− 9 S cm− 1) and Mg3Al2Al3O12 (1.28 × 10− 9 S cm− 1) and Na 
ions within Na3Ga2Si3O12 (6.68 × 10− 12 S cm− 1) and Na3Sc2P3O12 
(2.12 × 10− 17 S cm− 1), providing a basis for research into solid-state 
AIBs and SIBs even though they show low ionic conductivity. 

2.6. Thermal dynamic stabilities of 12 garnets by AIMD 

We successfully discovered 12 promising garnet-type Li-ion SEs with 
σe < 3.6 × 10− 30 S cm− 1 and σi > 10− 4 S cm− 1 through ML. However, 
the stabilities of these structures are preliminarily determined by Tf, 
which is obviously rough and insufficient. As a key factor of SEs, thermal 
stability needs to be further studied [22,30]. Therefore, we further used 
ab initio molecular dynamics (AIMD) to analyze and evaluate the ther-
mal stabilities of these 12 garnets (300 K and 1000 K). As shown in Fig. 8 
and Figs. S14 and S15, during the dynamic process of up to 5 ps, the total 
energy fluctuations of these systems are rapidly stabilized and fluctuate 
within a narrow range of approximately 3.0 eV. Meanwhile, we 
extracted snapshots for these structures every 1 ps, and there were no 
obvious changes in the cell structures. These results indicate that the 12 
predicted garnet structures are stable at RT and high temperature and 
promising for use as solid electrolyte materials for SSBs in practical 
applications. 

3. Conclusions 

In summary, we present an effective target-driven machine learning 
approach to discover garnet-type solid electrolytes for SSBs. During this 
process, we established a classification model of XGB-C with a high 
accuracy of 88.5% and a regression model XGB-R with a low MAE of 
0.25 eV to predict the electronic conductivity of garnet materials. These 
two models provide a computed speed that is faster than using DFT 
calculations on supercomputers by a factor of ~109, helping us to 
quickly select garnets with low electronic conductivities. We then suc-
cessfully identified 12 promising SEs (Dy3Ga2Li3O12, Dy3Sc2Li3O12, 
Gd3Sc2Li3O12, Ho3Ga2Li3O12, Ho3Sc2Li3O12, La3Sc2Li3O12, 
Nd3Sc2Li3O12, Pr3Sc2Li3O12, Sm3Sc2Li3O12, Tb3Al2Li3O12, Tm3Ga2-

Li3O12, Y3Ga2Li3O12) with σe < 3.6 × 10− 30 S cm− 1 and σi > 10− 4 

S cm− 1 from 29,008 garnet structures. The proposed method directly 
spans 95-year computational cycle for screening garnet electrolytes, not 
to mention the experimental cycle, thereby saving approximately at 

Table 1 
Lattice lengths, lattice angles, predicted Eg and calculated Eg for 29 garnets, where the predicted Eg and calculated Eg are both larger than 4.0 eV.  

Formula Lattice length (Å) Lattice angle (◦) EML
g (eV)  EPBE

g (eV)  

a b c α β γ 

Ca3Ga2Al3O12  10.78  10.74  10.79  109.38  109.52  109.41  4.23  4.54 
Ca3Sc2Li3O12  11.34  10.22  11.22  107.66  111.62  107.52  5.30  4.33 
Dy3Ga2Li3O12  11.00  10.88  10.93  109.25  109.72  109.47  4.40  5.10 
Dy3Sc2Li3O12  11.11  11.09  11.09  109.58  109.68  109.17  5.12  5.64 
Er3Ga2Li3O12  10.87  10.87  10.86  109.47  109.47  109.49  4.44  5.12 
Er3Sc2Li3O12  11.02  11.02  11.02  109.57  109.57  109.28  5.21  5.58 
Gd3Sc2Li3O12  11.06  11.01  11.02  109.51  109.71  109.25  4.14  5.70 
Ho3Ga2Li3O12  10.93  10.84  10.90  109.31  109.64  109.42  4.46  5.17 
Ho3Sc2Li3O12  11.06  11.05  10.05  109.56  109.62  109.26  5.13  5.64 
La3Sc2Li3O12  11.36  11.37  11.36  109.46  109.46  109.50  4.58  5.08 
Li3Al2Li3O12  10.38  10.18  10.20  109.07  109.89  109.77  6.08  7.07 
Lu3Ga2Li3O12  10.74  10.80  10.75  109.58  109.36  109.53  4.58  5.05 
Lu3Sc2Li3O12  10.93  10.92  10.92  109.58  109.59  109.27  5.33  5.48 
Mg3Al2Al3O12  10.11  10.11  10.44  109.02  109.04  109.06  5.13  4.82 
Mg3Ga2Li3O12  10.30  10.26  10.30  109.38  109.52  109.42  4.46  5.09 
Na3Ga2Si3O12  10.51  10.51  10.51  109.47  109.47  109.47  4.18  4.70 
Na3Sc2Al3O12  10.08  11.04  11.18  109.46  109.61  108.90  5.23  5.32 
Na3Sc2P3O12  10.63  10.63  10.63  109.46  109.47  109.48  4.52  4.19 
Nd3Sc2Li3O12  11.33  11.26  11.30  109.30  109.55  109.53  4.73  5.99 
Pr3Sc2Li3O12  11.39  11.26  11.36  109.26  109.72  109.30  4.56  5.96 
Sm3Sc2Li3O12  11.28  11.13  11.19  109.29  109.83  109.35  4.72  5.80 
Sr3Er2Li3O12  10.78  10.74  10.79  109.38  109.52  109.41  4.21  6.90 
Sr3Sc2Al3O12  11.21  11.20  11.20  109.46  109.49  109.46  4.24  4.86 
Sr3Sc2Li3O12  10.93  10.71  11.58  110.59  111.33  103.56  5.04  5.55 
Tb3Al2Li3O12  10.85  10.87  10.86  109.55  109.50  109.36  5.09  5.94 
Tm3Ga2Li3O12  10.84  10.87  10.84  109.52  109.40  109.54  4.46  5.07 
Tm3Sc2Li3O12  11.00  11.00  11.01  109.55  109.56  109.30  5.27  5.55 
Y3Ga2Li3O12  10.82  10.79  10.80  109.44  109.53  109.48  4.19  5.42 
Y3Sc2Li3O12  10.95  10.93  10.95  109.57  109.64  109.20  5.16  5.62  
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least $57 million in experimental costs. These new garnet-type SEs are 
expected to perform in solid-state LIBs, AIBs, and SIBs, thus improving 
the safety, performance, and lifetime of our state-of-the-art energy 
storage technology. 

The discovery of unknown garnet materials satisfying the many- 
property conditions for SEs is heart-stirring, and only 12 of the 29,008 
garnets are selected, suggesting that it is naturally and inherently 
difficult to discover and design SE materials with excellent performance. 
During our screening process, garnets with extremely low σe of 
3.6 × 10− 30 S cm− 1 were selected. Garnets with σe higher than 
3.6 × 10− 30 S cm− 1 could be further improved as a candidate electrolyte 
material, but it does not rule out that other predicted materials could 
achieve better performances through doping and structural design. 
Furthermore, we have been working on the development of high- 
precision ionic conductivity models, but the limited available data 
make it difficult to make more accurate predictions. We hope that as 
more data become available, the model described here may be further 
refined, achieving a shortcut for fully automated screening of solid 
electrolyte materials. 

Fig. 6. Density of states (DOSs) for 12 garnet structures with Eg > 4.0 eV. a Ca3Ga2Al3O12. b Ca3Sc2Li3O12. c Dy3Ga2Li3O12. d Dy3Sc2Li3O12. e Er3Ga2Li3O12. f 
Er3Sc2Li3O12. g Gd3Sc2Li3O12. h Ho3Ga2Li3O12. i Ho3Sc2Li3O12. j La3Sc2Li3O12. k Li3Al2Li3O12. l Lu3Ga2Li3O12. The optimized structures are also presented in 
each DOS. 

Table 2 
Diffusion coefficients, migration energy barriers, and ionic conductivities at 
room temperature for 12 garnets with calculated Eg values larger than 4.0 eV 
and energy barriers less than 0.4 eV.  

Formula Diffusion coefficient 
(cm2 s− 1) 

Energy barrier 
(eV) 

Ionic conductivity (S 
cm− 1) 

Dy3Ga2Li3O12 6.58 × 10− 5  0.12 3.24 × 100 

Dy3Sc2Li3O12 2.33 × 10− 8  0.33 1.10 × 10− 3 

Gd3Sc2Li3O12 6.59 × 10− 8  0.30 3.17 × 10− 3 

Ho3Ga2Li3O12 3.05 × 10− 5  0.14 1.52 × 100 

Ho3Sc2Li3O12 2.14 × 10− 6  0.21 1.02 × 10− 1 

La3Sc2Li3O12 6.17 × 10− 8  0.30 2.71 × 10− 3 

Nd3Sc2Li3O12 1.89 × 10− 6  0.22 8.43 × 10− 2 

Pr3Sc2Li3O12 2.72 × 10− 6  0.21 1.20 × 10− 1 

Sm3Sc2Li3O12 3.96 × 10− 7  0.26 1.81 × 10− 2 

Tb3Al2Li3O12 9.06 × 10− 9  0.35 4.55 × 10− 4 

Tm3Ga2Li3O12 1.04 × 10− 8  0.35 5.26 × 10− 4 

Y3Ga2Li3O12 4.69 × 10− 6  0.19 2.40 × 10− 1  
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4. Methods 

4.1. Tolerance factor for garnets 

With the basic geometrical relationship established, the tolerance 
factor (Tf) of garnet structures can be constructed by the ionic radius of 
all the chemical species constituting garnet [47]. The proposed Tf as 
below: 

Tf =
3

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(RB + RX)
2

− 4
9(RA + RX)

2
√

2(RC + RX)
(1) 

The Tf of over 100 different garnet structures has been calculated in 
the range of 0.75–1.33, similar to the Tf of perovskite structures. For real 
garnet-based compounds, the ideal Tf is expected to fluctuate by 
approximately 1; therefore, in this work, we select likely stable garnets 
with Tf in the range of 0.9–1.1. 

4.2. Machine learning model 

The machine learning model in this work is implemented by the 
classification model (XGB-C) and regression model (XGB-R), which are 
all based on the extreme gradient boosting (XGBoost) algorithm [62]. 
Overall, the model between the predicted value Ypred

i and input Xi can be 
mathematically written as: 

Ypred
i =

∑

k
fk(Xi) (2)  

where k is the number of decision trees, and f is a function in the 
functional space. The loss function that contains the gradient boosting 
algorithm loss and regularization term in the training process is defined 
as: 

L(∅) =
∑n

i=1
l
(
Ypred

i − Yreal
i

)
+
∑

k
(ψρ+ 1

2
λ‖ω‖) (3)  

where ρ is the number of leaf nodes in the decision tree, and ω is the 
score of leaf nodes. ψ and λ are the default coefficients of the regulari-
zation term to limit the number of leaf nodes and smooth the score of 
leaf nodes. 

To obtain the optimal model, the determination of hyper-parameters 
is essential. In both the XGB-C and XGB-R models, the hyper-parameters 
(the maximum number of trees, the step size of each iteration, the 

percentage of samples that are randomly sampled per tree, the per-
centage of features sampled at random per tree, and the maximum depth 
of the tree) are selected by the grid search method. More details are 
provided in Table S2 of SM. In addition, ten-fold cross-validation (CV) is 
applied to evaluate the accuracy of the two models, where the data are 
split equally into ten nonoverlapping folds, nine folds are used as the 
training set and the remaining fold works as validation. 

4.3. First-principles calculations 

The Vienna Ab initio Simulation Package (VASP) is employed for 
first-principles calculations [63]. The projected augmented wave (PAW) 
method [64,65] is applied to describe ion-electron interactions along 
with the Perdew-Burke-Ernzerhof (PBE) exchange-correlation function 
under generalized gradient approximation (GGA) [66], where the 
Coulomb U and exchange J parameters are considered (Ueff = U – J). The 
cutoff energy of 500 eV is set for the plane-wave basis, and the structure 
optimization process is stopped until an energy convergence lower than 
10− 5 eV and atomic force less than 0.03 eV/Å. The initial garnet struc-
ture is constructed in a supercell of a 2 × 2 × 2 unit cell with a total of 
80 atoms. Brillouin zone integration is performed using a 2 × 2 × 2 
k-point mesh for the cubic phase. 

Ab initio molecular dynamics (AIMD) is applied to evaluate the 
thermal stabilities of garnets in a supercell of 2 × 2 × 2 unit cells. A total 
of 5000 fs of kinetic process was carried out for each garnet with a time 
step of 2 fs. The temperature is controlled at 300 K and 1000 K in the 
whole process based on the Nosé -Hoover thermostat [67,68]. 

4.4. Electronic conductivity calculations 

Electronic conduction across the electrolyte must be minimal. In this 
work, we screened wider band gap (Eg > 4.0 eV) to ensure low electronic 
conductivity σe. σe can be calculated by Eg approximated by follows 
[69]: 

σe = (me + mh)q
̅̅̅̅̅̅̅̅̅̅̅̅
DcDV

√
e−

Eg
2kT (4)  

where me and mh denote the electronic and hole mobilities, Dc and DV 
are the DOSs in the conduction and valence bands, k is the Boltzmann 
constant, and T is the temperature. We used standard parameters for 
crystalline silicon: me = 1430 cm2 V− 1 s− 1, mh = 480 cm2 V− 1 s− 1, Dc 
= 2.89 × 1019 cm− 1, and DV = 3.13 × 1019 cm− 1. These parameters 
give σe = 3.6 × 10− 30 S cm− 1 if Eg = 4.0 eV at RT. 

4.5. Ionic conductivity calculations 

Ionic conduction across the electrolyte must be maximal. To calcu-
late the ionic conductivity, we searched for possible ion migration 
pathways using the climbing image nudged elastic band (CI-NEB) 
method [46]. For each system, four initial images between two local 
optimized structures are first constructed by linear interpolation and 
then fully relaxed. The diffusion coefficient (D) is estimated from tran-
sition state theory [70] as: 

D =
1
2

va2e−
Ea
kT (5)  

where v is the lattice vibrational frequency with a typical value of 1013 

Hz, a is the hop distance, Ea is the migration energy barrier, k is the 
Boltzmann constant, and T denotes the temperature. From the diffu-
sivity, the ionic conductivity σi is estimated by the Nernst-Einstein 
equation [70]: 

σi =
Nq2

VkT
D (6)  

where V is the volume of the system and q is the charge of the mobile-ion 

Fig. 7. Visualization and comparison of ionic conductivity for 29 garnet 
structures and previous ionic conductors. The squares represent the new garnet 
we discovered, the color represents the value of σi, increasing from purple to 
red, and the triangles represent the ionic conductors from previous studies. The 
dotted lines denote σi of 1.0 S cm− 1 and 10− 4 S cm− 1 at RT (300 K). 
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Fig. 8. Thermal dynamic stability evaluation at 300 K and 1000 K based on AIMD simulations. a Dy3Ga2Li3O12. b Dy3Sc2Li3O12. c Gd3Sc2Li3O12. d Ho3Ga2Li3O12. A 
total of 5000 fs of kinetics was performed for each system, with structures extracted at intervals of 2 fs. 
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species. More details of the CI-NEB method are provided in Note S3. 

Code availability 

The codes to construct XGB-C and XGB-R model in this study are 
available at: https://github.com//dmlc//xgboost. 
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