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ABSTRACT  

In the pursuit of enhancing the performance and safety of Lithium (Li)-metal batteries, the 

discovery of effective electrolyte additives to suppress Li dendrites has emerged as a paramount 

objective. In this study, we employ an inverse design strategy to identify potential additives for 

dendrite mitigation. Two key mechanisms, namely the formation of robust solid electrolyte 

interphase (SEI) layers and the levelling mechanism, serve as the foundation for our investigation. 

Our inverse design strategy is guided by molecular properties such as the LUMO energy and 

interaction energy upon Li surface adsorption. An active learning process utilizing Bayesian 

Optimization (BO) was utilized to identify potential molecules with the ideal properties. Through 

this screening process, we uncover a collection of 146 molecules with the potential to act as SEI-

forming additives, along with 13 molecules for levelling additives – both surpassing the 

performance of established additives reported in literature. This work highlights the potential of 

Bayesian Optimization methods in computational-based inverse design of materials for many 

applications, and the discovered additives could potentially boost the commercialization of Li-

metal batteries. 
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Introduction 

Lithium (Li)-metal batteries (LMBs) have long been regarded as a highly promising battery 

technology, often considered to be the “holy grail” of Li battery technologies. When Li metal is 

used as the anode, it has an extremely high theoretical capacity (3860 mAh/g) and the lowest 

negative electrochemical potential (−3.040 V vs. Standard Hydrogen Electrode),1–3 achieving the 

maximum possible energy density for the anode. However, LMBs remain largely infeasible due to 

safety issues arising primarily from the growth of Li dendrites during the electrodeposition of Li 

ions onto the metal surface.4–6 These dendrites increase the risk of short-circuit, leading to thermal 

runway and risk of explosions. The graphite anode was ultimately commercialized in 1991 by 

Sony Corporation, sacrificing the theoretical capacity from 3860 mAh/g to 372 mAh/g,7 but 

guaranteed dendrite-free operation and demonstrated remarkable success for over three decades.8 

There remains an urgent need to increase the energy density of energy storage materials to 

enable widespread adoption of renewable energy sources and accelerate the transition towards a 

low-carbon economy, prompting a growing focus on research into making LMBs commercially 

feasible. Several strategies have been proposed to suppress dendrite growth,9 such as solid-state 

electrolytes,10–12 structured anode design,13–15 electrolyte additives,16–18 and artificial solid 

electrolyte interphase (SEI) design.19,20 

Among these strategies, electrolyte additives are a cost-effective approach for mitigating 

the growth of Li dendrites during charge-discharge cycling of the battery. There have been various 

successes in previous studies in employing organic and inorganic molecules21–26 and ionic salts27–

29 to achieve high Coulombic Efficiency (CE) and dendrite-free LMBs.9 However, the 

characteristics of these additives and their dendrite-suppressing mechanisms vary greatly from one 

another. There is little insight on how to guide chemical design of novel additives. Experimental 
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synthesis and characterization are often time-consuming and yield varying degrees of success. 

High-throughput (HT) virtual screening, employing high-fidelity computations, has the potential 

to expedite the discovery of desired materials. To enable HT computational screening for 

promising electrolyte additives, a comprehensive understanding of the dendrite-suppression 

mechanism of such additives is first required, such that appropriate (chemical) descriptors can be 

identified. 

Several mechanisms have been proposed to explain how additives suppress dendrite 

formation. The predominant mechanism exploited by most studies of electrolyte additives is to 

manipulate the solid electrolyte interphase (SEI) layer, which develops during the cycling stages 

of the battery. The characteristics of the SEI layer are instrumental to the morphological evolution 

of the Li anode during cell operation, whereby a stable and robust SEI layer is required to ensure 

the longevity of the Li anode. A dense high-modulus SEI layer acts effectively as a mechanical 

barrier to suppress Li dendrite formation.30 Electrolyte additives modify the composition and 

properties of the SEI layer. Acting as sacrificial components, these additives are reduced on the Li 

anode surface, thereby preventing further reaction between the electrolyte with Li. The SEI film 

could consist of many chemical species, such as Li2CO3, LiF, Li2O, Li3N, Li2S, Li3PO4, and Li 

alkylcarbonate,9,31,32 depending on the composition of the electrolyte and additives. Several studies 

have provided evidence of certain additives, through their reductive decomposition,  facilitating 

the formation of stable and dense SEI layers.23,24,33,34 Recently, Yang et al. demonstrated 2,2,2-

Trifluoroethyl trifluoroacetate (2,2,2-TFTF) to be effective in forming a robust SEI layer with 

99.7% CE and Li dendrite suppression.35 Using Density Functional Theory (DFT) calculations, 

they reported a lowest unoccupied molecular orbital (LUMO) energy level that is lower than 

common electrolytes and a high adsorption energy on Li surface, suggesting that 2,2,2-TFTF 



 5 

tailors the SEI from dissociative adsorption. The low LUMO level and high adsorption energy 

facilitates the reduction of the additive on the Li anode surface, forming a dense SEI layer that 

suppresses dendrite growth. 

Another mechanism for dendrite suppression is through the levelling effect of additives, 

which finds widespread use in the electroplating industry.36,37 This effect involves the preferential 

deposition of metal ions on high-energy regions of the electrode surface, which helps to even out 

surface irregularities thereby promoting uniform metal ion deposition. A well-known example 

involves the incorporation of additives to ensure even deposition within high aspect ratio vias 

during copper electroplating in the microelectronics industry.38,39 This class of additives show 

promise in reducing the likelihood of dendrite formation during the charging process of the battery. 

Wang et al. reported thiourea (THU) to be an effective leveller for the Li-metal anode, achieving 

stable cycling at a high current density for over 1000 cycles. They attributed this levelling effect 

to the reduced deposition energy for Li nucleation arising from THU adsorption. Through DFT 

calculations, they show that THU has a higher adsorption energy compared to electrolyte 

molecules, facilitating a more favorable surface for Li deposition.40 Likewise, Lee et al. 

investigated the effectiveness of vinylpyrrolidone (VP) as a leveller where DFT calculations 

demonstrated that the VP additive preferentially adsorbs on high-energy sites, promoting surface 

reconstruction and facilitating flat plating during Li deposition.41  

For the computational design of novel additives, we focus on the above two mechanisms – 

(i) the SEI formation via reductive decomposition and (ii) the levelling effect. These additives will 

be referred to as SEI additives and LL (leveller) additives respectively in this work.  

From the above literature review, we identify the following desirable properties that 

promising additives should possess: 
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1. For the formation of the SEI layer (SEI additives), the additive should have a lower 

LUMO energy level than that of the electrolyte molecules, for preferential reduction on the Li 

metal surface. 

2. For the additive to act as a leveller (LL additives), the LUMO energy level should be 

higher than that of the electrolyte molecules, which also improves anodic stability towards 

decomposition.42 This prevents the reaction of the additive with the metallic Li surface to facilitate 

the levelling effect. 

3. In both mechanisms, the additive should exhibit a larger (more negative) adsorption 

energy relative to electrolyte molecules. For SEI additives, the additive may undergo dissociative 

adsorption (chemisorption), whereas for LL additives, it is preferred that the additive remains 

intact during adsorption such that it can reversibly desorb from the Li surface. For the remainder 

of this manuscript, we refer to the adsorption energy as the interaction energy to encompass both 

cases of adsorption and dissociative adsorption. 

The LUMO energies and interaction energies, calculable from DFT, serve as descriptors 

for high-throughput screening of additives from existing databases, from which we could develop 

inverse design strategies to identify promising electrolyte additives for further evaluation. Recent 

advancements in Machine Learning (ML) techniques have expedited the growth of data-driven 

materials design.43–47 Bayesian Optimization (BO) is one type of active learning strategy and is an 

effective global optimization tool for  black-box functions.48 The method constructs a probabilistic 

ML surrogate model to represent the unknown objective function. By iteratively selecting the next 

point to evaluate based on an acquisition function that balances exploration and exploitation, BO 

intelligently explores the search space and narrows down the search region for the global optimum. 

At each iteration, the surrogate model is updated with new data, improving its accuracy; the 
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improved model is then used to suggest new evaluation points for subsequent iterations. BO 

techniques have been widely applied for the inverse design of molecules and materials, such as 

electrocatalysts,49 photosensitizers,50 redox flow batteries,51 polymers,52 to name a few examples. 

In this study, we implement a BO process to screen for additives that inhibit the growth of 

Li dendrites (Figure 1) in Li-metal batteries. By leveraging on the largest open-source molecular 

database available,53 we survey a search space of over 2.6 million molecules. Firstly, a randomly 

selected subset of molecules was labelled their respective LUMO energies, along with their 

calculated interaction energies on the (100), (110) and (111) surfaces of Li metal. This subset 

forms the initial training database for the surrogate model. Subsequently, we implemented a BO 

process that recommends molecules for further evaluation at each iteration to reduce the model’s 

uncertainty or validate promising molecules with the desirable descriptors. These recommended 

molecules were then labelled with calculated properties and added to the training set. An active 

learning loop is formed in which the surrogate model iteratively improves while the algorithm 

converges towards the global optimum of the search space. We implement 2 independent BO 

processes, one each for the SEI additives and the LL additives. Our findings revealed 146 SEI 

additives and 13 LL additives as promising candidates that could outperform previously reported 

additives in the literature. 
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Figure 1. a) Workflow of the Bayesian Optimization (BO) process for discovery of high-

performance electrolyte additives. b) Optimization scheme for inverse design of molecules. The 

relative heights of the respective objectives in the middle box are indicative of the weight given to 

the objective. The respective weights are found in Section S4 of the Supporting Information. 
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Results 

Search space and labelling of molecules 

Since there is no design rules to filter promising additive molecules based on structural 

features/descriptors, the search space for electrolyte additives potentially encompasses all ~1060 

molecules that are currently known.54 The vast number of molecules renders a systematic 

computational screening infeasible. Therefore, we sought the largest general open-access database 

of molecules with calculated properties to provide a thorough screening of molecules without any 

structural bias. The PubChemQC database is currently the largest molecular database for this 

purpose, containing over 2.6 million molecules with optimized geometry and electronic properties 

computed at the B3LYP/6-31G* level.53,55 The molecules are identified by their PubChem 

Compound Identification (CID) and their Simplified Molecular Input Line Entry System 

(SMILES) string. The CID is a unique identifier assigned to each compound in the PubChem 

database, while the SMILES string is a textual representation of the molecular structure. We 

performed a split of the database by their LUMO energy, where molecules with a LUMO less than 

0 eV (i.e., to target the relatively more easily reduced molecules), form the search space for SEI 

additives. This subset consists of 1.8 million molecules. The remaining 0.8 million molecules form 

the search space for LL additives. The entire database consists of molecules containing 31 unique 

elements, ranging from a minimum of 1 atom to a maximum of 51 atoms for each molecule. 

Obtaining accurate interaction energies of a large number of complex molecules on the 

surface of metallic Li from expensive DFT calculations poses a significant computational 

challenge. Here, we utilized a graph-based “universal” interatomic potential (M3GNet) recently 

developed by Chen and Ong56 to perform interaction energy calculations. The M3GNet interatomic 

potential is trained from 89 elements in the periodic table and has been applied successfully in 
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molecular dynamics studies.56 It offers a computationally cheaper way than quantum mechanical 

methods to obtain the energy of any relaxed structure (see Section 1 of Supporting Information), 

while retaining the accuracy of first-principles calculations. While numerous interatomic potentials 

have been extensively used in literature, these interatomic potentials require extensive training and 

are limited to specific chemistries for different applications. The M3GNet model provides a 

pretrained universal interatomic potential (zero-shot learning), which can be used for initial 

screening purposes with reasonable accuracy, and is more suited for our dataset where the 

molecules consist of diverse elements in the periodic table. We have also validated M3GNet-

calculated interaction energies against the DFT-calculated ones (see Discussion section).  

Over 500 configurations of molecule-adsorbed-surfaces were enumerated to identify those 

with strong interactions with the Li surfaces, taking into account the initial molecule orientations 

and different adsorption sites on the metal surface. Detailed information of our configuration 

generation algorithm is found in the Computational Methods section. The molecules were then 

labelled with the strongest interaction energy (i.e., the interaction energy produced from the most 

thermodynamically stable configuration, the state the molecule is most likely to be in) for the 

various surfaces.  

Machine Learning and Bayesian Optimization 

Two distinct surrogate models were trained for SEI additives and LL additives (SEI-model 

and LL-model, respectively). The initial labelled dataset used for the training and evaluation of the 

surrogates consists of 3043 and 1417 molecules, randomly selected from the PubChemQC 

database, for the SEI-model and LL-model respectively. These molecules were labelled with their 

LUMO energy and interaction energies on the Li surfaces. Each initial dataset is then split into 

training, validation, and test sets in the ratio of 80%, 10% and 10% respectively. Since graphs are 
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a natural representation of molecules, we considered graph-based deep learning model 

architectures57,58 and evaluated them on the unbiased test set. The Molecular Graph Convolutional 

Neural Network59 was chosen as the surrogate model as it achieves the lowest mean absolute error 

(MAE) on the test set for both the SEI-model and the LL-model (see Figure S1 in Supporting 

Information). Under this representation, atomic features such as atomic number, hybridization, etc. 

are encoded in each node. The graph convolution layers combine the feature vectors with 

neighboring nodes using several convolution operations, resulting in a molecular fingerprint. The 

molecular fingerprint was then passed to several fully connected layers to obtain the final 

predictions. The hyperparameters of both models were optimized using a Gaussian Process (see 

Table S1 in Supporting Information). Figures 2 and 3 show the performance of the model on the 

train, validation, and test sets of the optimized SEI-model and LL-model. The average MAE of the 

test set was 0.531 eV and 0.438 eV for the SEI-model and LL-model, respectively. The weighted 

average MAE (according to the weights defined in the next section, see below) of the test set is 

0.442 eV and 0.362 eV for the SEI-model and LL-model. 



 12 

 

Figure 2. Parity plots from training of the initial surrogate SEI-model for a)  LUMO energy (eV) 

from PubChemQC database, b) Interaction Energy on the (100) surface of Li metal (eV), c) 

Interaction Energy on the (110) surface of Li metal (eV), d) Interaction Energy on the (111) surface 

of Li metal (eV). The interaction energies were calculated using the M3GNet interatomic potential. 

The respective train, validation, and test set MAE (eV) of each of the objectives are shown on 

upper left corner of each plot. 

  



 13 

 

Figure 3. Parity plots from training of the initial surrogate LL-model for a)  LUMO energy (eV) 

from PubChemQC database, b) Interaction Energy on the (100) surface of Li metal (eV), c) 

Interaction Energy on the (110) surface of Li metal (eV), d) Interaction Energy on the (111) surface 

of Li metal (eV). The interaction energies were calculated using the M3GNet interatomic potential. 

The respective train, validation, and test set MAE (eV) of each of the objectives are shown on 

upper left corner of each plot. 
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Bayesian Optimization seeks to obtain the global minimum of a black-box objective 

function using a sequential sampling approach by optimizing an acquisition function. Although 

numerous acquisition functions exist for single objective functions, there are limited options for 

multi-objective functions. Therefore, we perform scalarization in which a weighted sum of our 

optimization objectives was defined to combine our multiple objectives into a single objective 

function. This allows for the application of traditional single-objective BO techniques while 

ensuring weak Pareto optimality.60–62 By assigning weights to each objective, the relative 

importance of each objective can be controlled, and the optimization problem can be transformed 

into a single-objective problem that seeks to minimize the weighted objective function.  

We assigned an equal weight to the LUMO energy and the combined interaction energies 

(see Section S4 in Supporting Information). The aim is to minimize the weighted objective 

function, which leads to a low LUMO energy level and large (negative) interaction energies for 

SEI additives. In contrast, for LL additives, the LUMO energy level was maximized, along with 

the minimization of the interaction energies. The Expected Improvement (EI) acquisition function 

(see Section S4 in Supporting Information) was employed to recommend unlabeled molecules to 

be added to the dataset for the next iteration. These recommended molecules were subsequently 

labelled with their LUMO energy and M3GNet-calculated interaction energies. Thereafter, they 

were added to the training dataset and the surrogate model was retrained. This iterative cycle of 

recommending molecules followed by retraining of the surrogate model forms an active learning 

loop which persists until the entirety of the search space has been thoroughly screened.  The BO 

process is illustrated in Figure 1 and is described in the Computational Methods section and Table 

S2 of the Supporting Information. To provide a consistent evaluation of the model's performance, 
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the same test set was used across all iterations (Figure 2). This active learning process was 

employed until the entire screening database was exhaustively explored. 

 

Figure 3. Evolution of test set MAE with each iteration of the Bayesian Optimization process for 

the a) SEI-model, b) LL-model. The same test set was used across all iterations. The weighted 

MAE is plotted as a function of the iterations, which is indicated by the black line. The weights 

used are identical to the weights of the optimization objective as defined in Section S4 of the 

Supporting Information. 
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Discovery of promising additives  

To provide a benchmark for determining the effectiveness of a potential electrolyte 

additive, we performed the same calculations for 17 molecules (10 SEI additives, 3 LL additives, 

4 additives using other mechanisms) that have been previously reported in the literature to be 

effective in suppressing the growth of Li dendrites (see Table S3 in Supporting Information). Our 

results show that the LL additives generally have a higher LUMO energy than SEI additives, which 

supports our conclusion that LL additives should aim to have a higher LUMO energy level. 

After the Bayesian Optimization (BO) processes was completed, the final labeled dataset 

for the SEI additives comprised 160 molecules with scores surpassing the best score among the 10 

reported SEI additives (CID: 24386, score: -9.65). The lowest score obtained was -22.21 (CID: 

21797981), which is a weighted average of the LUMO energy and the interaction energies (see 

Section S4 in Supporting Information). However, not all these molecules are expected to be stable 

under standard conditions. To evaluate their stability, we calculated the DFT formation energy of 

these 160 molecules. Upon analysis, it was found that 146 out of the 160 molecules exhibited a 

negative formation energy. The negative value of the formation energy suggests that these 

molecules can be synthesized under normal conditions and remain stable. These findings indicate 

that these molecules show promise to be used as an electrolyte additive for suppressing the 

formation of Li dendrites in Li-metal batteries through the formation of a robust SEI layer. 

For the LL additives, the final labeled dataset comprised of 801 molecules with scores 

surpassing the best score among the 3 reported LL-additives (CID: 2724563, score: -2.32). 

However, analysis of the final molecule-adsorbed structure revealed that a large number of these 

molecules are dissociated on the surface of the Li metal, indicating that the adsorption is 

irreversible. This is prevalent in most of the top scoring molecules, which produced large values 
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of interaction energies due to the formation of new compounds on the surface of Li. Therefore, we 

performed further screening to identify molecules which are not dissociated on the Li surface after 

adsorption. This is done by identifying the covalent bonds present on the molecule before and after 

adsorption. Molecules retaining an identical count of covalent bonds after adsorption are 

considered as likely to adsorb reversibly on the surface of Li. This subset is thus reduced to 13 

molecules which are not dissociated after adsorption.  

Importantly, the identification of potential dendrite-suppressing additives is rooted in the 

criterion in which the optimization score of potential molecules must surpass those of the reported 

additives. Relaxation of this criterion to identify potential additives could potentially encompass a 

broader spectrum of molecules, even those with lower scores, which may still hold significant 

potential for mitigating Li dendrite formation. 

 

Discussion 

Performance of surrogate model 

To provide a visualization of the active learning process, the t-Distributed Stochastic 

Neighbor Embedding (t-SNE)63 method was used to project the multi-dimensional molecular 

fingerprint into two dimensions (Figure 4). t-SNE is a nonlinear dimensionality reduction 

technique which measures the pairwise similarity between high-dimensional data points and 

between their low-dimensional counterparts. It minimizes the Kullback-Leibler (KL) divergence 

between the joint probability distributions in the high-dimensional space and the low-dimensional 

space, thereby preserving the local and global relationships among the data points. 
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Figure 4. t-Distributed Stochastic Neighbor Embedding (t-SNE) plot of the search space and 

Bayesian Optimization process for the a) SEI additives, and b) LL additives. The t-SNE algorithm 

was implemented using the scikit-learn package.64 A perplexity value of 100 was used and the 

algorithm ran for 5000 iterations. The final KL divergence obtained was 3.712 and 2.664 for the 

SEI-search space and LL-search space respectively. 
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Figure 4 illustrates that the initial training data is evenly distributed across the entire search 

spaces, indicating that our randomly selected molecules can efficiently fill the search space. This 

ensures the robustness of the initial surrogate model and its ability to generalize effectively. It can 

be observed that in the earlier iterations (1 to 3), the recommended molecules form distinct clusters, 

with a few molecules located far away from these clusters. This pattern demonstrates a favorable 

trade-off between exploration and exploitation. Furthermore, the proposed molecules are 

distributed throughout the entire design space across all iterations of Bayesian Optimization. This 

distribution indicates that our BO strategy can discover potential molecules that are dissimilar to 

each other with the desired properties, thereby ensuring our model's capability to make accurate 

predictions across the molecular design space.  

From Figures 2, 3 and 4, we observe that the MAE of the predicted LUMO energy is 

consistently the lowest compared to the interaction energies. At the final iteration, the weighted 

MAE decreases to 0.439 eV and 0.345 eV for the SEI model and LL model respectively (Figure 

4), showing  the efficacy of the self-improving active learning process where the model improves 

its accuracy through the optimization of the weighted objective function. From Figure 4, it can be 

observed that the MAE of the LUMO energy had a more significant decrease than the MAE of the 

interaction energies. Since adsorption of complex molecules is a complicated process, accurately 

predicting the highest interaction energy is expected to be a difficult task. The surface energies of 

metals are also not accurately modelled using high-accuracy DFT methods, yielding inadequate 

accuracies with commonly employed DFT functionals.65 A benchmark of various DFT functionals 

on an adsorption dataset consisting of simple molecules yielded errors of 0.13-0.93 eV (0.015-0.32 

eV/atom) with respect to experimental results for adsorption energies on transition metal surfaces 

using various common functionals,66 which shows that even high accuracy first-principles 
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calculations are unable to accurately model the adsorption of molecules on the surface of metals. 

Since the interaction energies in our data are obtained using the M3GNet potential, errors arising 

from the use of ML potentials are expected to be propagated to the surrogate model as well. 

Additionally, it has also been suggested that graph-based models are not able to accurately capture 

non-local effects such as dispersion, resulting in reduced accuracy for the prediction of adsorption 

energies using graph-based methods.44 Despite the difficulty of predicting accurate interaction 

energies, the test set MAE of interaction energies for the initial surrogates are 0.62 eV (0.024 

eV/atom) for the SEI-model and 0.51 eV (0.018 eV/atom)  for the LL-model, which is well within 

range of DFT calculations. Therefore, it is unlikely that the error in our predictions can be further 

improved from repeated trainings of the models. It is worth noting that the accuracy of the 

surrogate model does not largely affect the search process. Empirical observations have shown 

that a highly accurate machine learning model is not always a prerequisite for accelerating the 

search process when active learning is integrated, specifically in situations where the 

recommendation of the next experiment or computation is involved.67  
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Figure 5. t-SNE plot showing the existing additives reported in literature and the additives 

predicted with superior performance for the a) SEI additives, and b) LL additives. The squares 

represent the existing additives while the circles represent the potential additives. The heatmap 

indicates the optimization score obtained from the BO process. A lower optimization score 

indicates a higher performance (more ideal design parameters). 

 

Characteristics of novel electrolyte additives 

The optimization of the search space to screen for SEI-additives yielded potential 

molecules with a low LUMO energy level and high interaction energies on the Li surfaces. We 

have set a criterion on the optimization score whereby molecules with a better score than the best 

scoring molecules reported in literature are predicted to have superior performance as a SEI-

additive, which consists of a set of 146 molecules with negative formation energies. From Figure 

5a, we observe distinct clusters of potential molecules located in proximity to specific existing 

additives. These areas are representative of certain features such as thionyl chloride groups (SOCl) 

and highly fluorinated molecules (-CF3), which may serve as design principles. Notably, many 
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potential additives are also dispersed far away from the existing additives, which suggests that 

there are new design spaces to be explored. Upon analysis of the final molecule-adsorbed structure 

of these set of molecules, it is observed that all of them undergo dissociative adsorption 

(chemisorption) on the Li surface to form several products, indicating that our optimization process 

had successfully screened potential molecules which are able to form SEI layers with relative ease. 

The ease of dissociative adsorption may be explained as due to many of these molecules having 

relatively unstable bonds (O-F, N-F, O-O) which have low bond energies and thus easy to break, 

leading to extremely large values of interaction energies due to the formation of more stable 

compounds on the Li surface. As such, these molecules undergo dissociative adsorption easily on 

the Li surface to form Li2O, LiF and Li3N compounds, which are seen in the final molecule-

adsorbed structures. It is well known that LiF plays an important role in forming dense and stable 

SEI layers.25,32,68,69 Indeed, among these set of molecules, 79% contain fluorine, highlighting the 

importance of fluorinated additives for forming robust SEI layers. 

For the LL-additives, large interaction energies are preferred but the molecule needs to be 

stable (i.e., not dissociated on the Li surface). From the results of our BO process, 13 molecules 

are expected to have superior performance as a LL additive, which are able to undergo non-

dissociative adsorption. The levelling mechanism can be explained by a reduced energy barrier for 

Li deposition and surface diffusion when the molecule is adsorbed on the Li surface, enabling a 

smooth plating of Li ions.40,41 Structural similarities in these 13 molecules consists of carbonyl 

groups (C=O) and amine (R-N) groups present on organic molecules (>3 carbon atoms). From 

Figure 5b, it is observed that one potential additive (C6H10N2O2) is in proximity with an existing 

additive (C6H9NO) where similar features between these two molecules include a lactam ring. 

Primarily, there is no clear set of design principles for the features of LL additives, as seen in 
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Figure 5b where potential additives are scattered away from each other. Analysis of the molecule-

adsorbed structure revealed that the most favorable adsorption occurs when the heteroatoms are 

adsorbed on the hollow and bridge sites of the Li surface. For reversible adsorption to occur, 

heteroatoms can increase the binding affinity of the additive to the Li surface, but the affinity 

should not be too strong such that the molecule adsorbs irreversibly and dissociates. These 

heteroatoms may serve as nucleation sites for ease of Li deposition and facilitating the levelling 

effect. We postulate that there is an optimal adsorption energy in which the levelling effect is 

maximized, following the Sabatier principle. In contrast to SEI-additives, fluorine is not preferred 

on these additives, due to their tendency to form LiF from dissociative adsorption. 

We note that only charge neutral molecules are considered in this study although ionic 

compounds had been reported to suppress dendrite formation through other mechanisms.27,70,71 We 

have not included any charged molecules in our search space since electrostatic effects on the 

interaction energy are not well modelled using current computational methods. 

 

Accuracy of Interatomic Potential 

 In order to verify the accuracy of the M3GNet interatomic potential, we performed DFT-

D3 calculations for 112 of the top SEI-additives obtained from the optimization process and the 

17 previously reported additives in literature. The same initial starting molecule-adsorbed structure 

was used for the DFT-D3 calculations to ensure accurate comparisons between the calculations. 

The details of our DFT calculations can be found in the Computational Methods section.  

To ensure that the computations remain tractable, only the interaction energy of the 

molecule on the (100) surface of Li was considered. The interaction energy obtained from DFT 

was then compared against the corresponding values derived from the M3GNet interatomic 
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potential (as illustrated in Figure 6). The MAE of the M3GNet-computed interaction energy and 

the DFT-computed interaction energy is 0.37 eV/atom for the (100) surface. From Figure 6, it can 

be observed that the interaction energy calculated from DFT-D3 is consistently larger than the 

energy calculated using M3GNet. This observation can be attributed to the D3 correction scheme,72 

which includes dispersion effects that the M3GNet interatomic potential is unable to reproduce. 

Despite so, the M3GNet error is within the range of adsorption energy errors predicted by DFT.66 

Most importantly, it can be seen from Figure 6 that our optimization process is able to recommend 

molecules with larger interaction energies than existing additives, regardless of whether it is 

calculated using the M3GNet interatomic potential or DFT. This indicates that the use of the 

M3GNet interatomic potential provides sufficient accuracy for screening purposes. 

 

Figure 6. Parity plots for the M3GNet-computed interaction energy (eV/atom) calculated on the 

(100) surface of Li metal versus the DFT-computed interaction energy. The red circles represent 

the potential additives from optimization while the blue circles represent the existing additives 

reported in literature. 
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Conclusion 

 We investigated potential electrolyte additives as a means of mitigating Li dendrite 

formation within Li-metal batteries, employing an inverse design strategy. By investigating the 

underlying mechanisms that contribute to dendrite suppression – namely, the formation of robust 

solid electrolyte interphase (SEI) layers and the levelling mechanism – we have strategically 

oriented our design approach towards key molecular descriptors, including the LUMO energy and 

the interaction energy upon Li surface adsorption. To minimize computational cost, an active 

learning process based on Bayesian Optimization was proposed to identify promising molecules 

which can satisfy the criterion to act as effective additives. Our BO process identified 146 

molecules which can act as a SEI-forming additive and 13 molecules which can act as a leveller 

additive, expected to outperform existing additives reported in literature. These molecules are 

suggested for experimental validation to determine their efficacy in dendrite suppression. 

Although our current search space was confined to the PubChemQC database, it can be extended 

to a larger search space to screen for more potential additives. As databases expand and 

computational power improves, it is with hope that our framework yields important insights into 

the accelerated discovery of electrolyte additives for Li-metal batteries. 

 

Computational Details 

Interaction Energy calculations 

Starting from a given geometry of the molecule, we perform rotations along the x- and y-

axes at intervals of 15˚ to generate different initial geometries of the molecule. To keep the number 

of computations tractable, we only consider the top ten geometries which give the lowest average 
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distance of all atoms from the slab surface. These geometries are expected to possess the highest 

interaction with the surface, hence are more likely to have a higher interaction energy. Each 

geometry of the molecule was placed on the low-index facets of the Li surface: (100), (110), (111) 

surfaces, on different adsorption sites enumerated by the Python Materials Genomics (pymatgen) 

package.73 A vacuum size of 20Å and four atomic layers were used for all surfaces. The dimensions 

of the surface were appropriately scaled according to the length of the molecule to minimize 

coverage effects.  

The Interaction Energy (𝐸𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛) is calculated using Equation (1): 

𝐸𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 = 𝐸𝑠𝑢𝑟𝑓𝑎𝑐𝑒+𝑎𝑑𝑠𝑜𝑟𝑏𝑎𝑡𝑒 − (𝐸𝑠𝑢𝑟𝑓𝑎𝑐𝑒 + 𝐸𝑎𝑑𝑠𝑜𝑟𝑏𝑎𝑡𝑒)  (1) 

where 𝐸𝑠𝑢𝑟𝑓𝑎𝑐𝑒+𝑎𝑑𝑠𝑜𝑟𝑏𝑎𝑡𝑒 is the total energy of the Li surface with the adsorbate, 𝐸𝑠𝑢𝑟𝑓𝑎𝑐𝑒 and 

𝐸𝑎𝑑𝑠𝑜𝑟𝑏𝑎𝑡𝑒 are the total energies of the pristine Li surface and the adsorbate in the gas phase 

respectively. The total energies of all systems were obtained after relaxation using the M3GNet 

interatomic potential. Each molecule was labeled with its LUMO energy from the PubChemQC 

database, as well as the highest (most negative) interaction energies obtained from M3GNet 

relaxations on each surface across all initial configurations of the molecule. 

Molecular Graph Convolutional Neural Network 

 Each molecule can be defined as an undirected graph 𝐺 =  (𝑉, 𝐸) where each vertex (𝑉) 

represents a single atom, and each edge (𝐸) represents a bond between neighboring atoms. The 

vertices carry atomic information such as atomic number, electronegativity, hybridization, and 

other relevant features. A total of 75 atomic features were encoded in each vertex. In each graph 

convolution layer of the molecular graph convolutional neural network, the atomic features at 

every vertex will be updated with information from the neighboring vertices and itself. This 

process enables the learning of a graph convolutional weight parameter matrix, facilitating the 
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optimal exchange of information to encode the most representative features of the molecule. 

Through multiple iterations of information exchange via the convolutional layers, the processed 

hidden features at each vertex are then gathered using a graph gathering layer, resulting in the 

formation of the final molecular fingerprint.59 The molecular fingerprint is then passed through 

several fully connected layers to produce the final predictions of the LUMO energy and minimum 

interaction energies of each molecule. All weight parameters in the graph convolutional layers and 

fully connected layers were trained and updated by gradient descent methods. The model was 

implemented using a modified version from the deepchem package74 in Python and used as the 

surrogate model for Bayesian Optimization. To prevent overfitting, for all iterations, early stopping 

was implemented whereby the best weights that produced the lowest MAE on the validation set 

from all epochs were used as the final model. 

Bayesian Optimization 

To screen the entire space, the unlabeled datasets were first divided into smaller subsets of 

~100,000 molecules each. Molecules which failed the featurization by the surrogate model were 

removed from the dataset. During each iteration of the BO process, the surrogate model predicts 

each target variable and their corresponding uncertainty. The uncertainty in the predictions was 

obtained using the Monte Carlo dropout method whereby different dropout masks were employed 

in the model, allowing an estimate of the aleatoric and epistemic uncertainty in the predictions.75 

The weighted optimization objective was then calculated and the Expected Improvement (EI) 

acquisition function ranks the molecules in terms of their EI score. The top 200 molecules with 

the best EI score were then chosen to perform interaction energy calculations to obtain new 

labelled data to be added into the database (see Table S2 in Supporting Information). The number 

of recommendations were decided by the time required to perform interaction energy calculations 
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(~3 days). Subsequently, the surrogate models were retrained with the newly added data. The 

performance of the surrogate models was evaluated on a fixed test set of 287 and 140 molecules 

for the SEI-model and LL-model respectively across each iteration of the BO process. 

DFT calculations 

 The Vienna Ab initio Simulation Package (VASP)76,77 was used to perform DFT-D3 

calculations for the verification of the interaction energy on the (100) surface of Li metal with the 

M3GNet interatomic potential. The spin-polarized generalized gradient approximation (GGA)-

type Perdew–Burke–Ernzerhof (PBE) functional was used to approximate the unknown exchange-

correlation contribution in DFT.78 Additionally, the D3-correction scheme was applied to include 

dispersion effects of the adsorbate on the surface of the Li metal.72 The projected augmented wave 

(PAW) potentials were used for the description of core electrons.79 Valence electrons were 

represented using plane waves up to an energy cutoff of 520 eV. A Γ-centered Monkhorst-Pack k-

point mesh with 25 subdivisions along each reciprocal lattice vector was used for all structures.80 

The total energy of each structure was converged to within 10-5 eV/cell, and atomic forces within 

10-2 eV/Å. The initial starting structures used were identical to the structures which produced the 

minimum interaction energy during M3GNet relaxation. Finally, the interaction energy was 

calculated using Equation (1). 
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Associated content 

The Supporting Information contains:  

1) The lists of labelled molecules for SEI-additives and LL-additives (CSV) after the final iteration 

of Bayesian Optimization, which consists of their LUMO energy and M3GNet calculated 

interaction energies on the (100), (110) and (111) surfaces of Li metal. The molecules can be 

identified by their CID number and SMILES string. The molecules are sorted based on their 

optimization score (potential SEI additives are at the top 146 entries, potential LL additives are at 

the top 13 entries). 

2) Supporting Information (PDF) which consists of details of our Bayesian Optimization process, 

model hyperparameters, model comparisons and a list of previously reported electrolyte additives 

in the literature. 
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