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M A T E R I A L S  S C I E N C E

Theory-guided experimental design in battery 
materials research
Alex Yong Sheng Eng1†, Chhail Bihari Soni2†, Yanwei Lum1, Edwin Khoo3, Zhenpeng Yao4, 
S. K. Vineeth2, Vipin Kumar2, Jun Lu5*, Christopher S. Johnson5*, 
Christopher Wolverton6*, Zhi Wei Seh1*

A reliable energy storage ecosystem is imperative for a renewable energy future, and continued research is needed 
to develop promising rechargeable battery chemistries. To this end, better theoretical and experimental under-
standing of electrochemical mechanisms and structure-property relationships will allow us to accelerate the de-
velopment of safer batteries with higher energy densities and longer lifetimes. This Review discusses the interplay 
between theory and experiment in battery materials research, enabling us to not only uncover hitherto unknown 
mechanisms but also rationally design more promising electrode and electrolyte materials. We examine specific 
case studies of theory-guided experimental design in lithium-ion, lithium-metal, sodium-metal, and all-solid-
state batteries. We also offer insights into how this framework can be extended to multivalent batteries. To close 
the loop, we outline recent efforts in coupling machine learning with high-throughput computations and exper-
iments. Last, recommendations for effective collaboration between theorists and experimentalists are provided.

INTRODUCTION
Batteries are an integral component of a sustainable energy future, 
as they can efficiently store and release intermittent renewable energy 
on demand (1–3). The Nobel Prize in Chemistry 2019 was awarded 
for the development of lithium-ion batteries, which has laid the 
foundation of a wireless, fossil fuel–free society. Lithium-ion batteries 
today, which are based on the rocking chair concept where lithium 
ions shuttle between a pair of intercalation anode and cathode (4), 
have a practical specific energy of approximately 170 to 220 Wh kg−1 
(5). To meet the ever-increasing future demands of electrification 
and grid storage, the U.S. Department of Energy’s Battery500 con-
sortium has targeted to build batteries with specific energy of 500 Wh kg−1 
(5). To achieve this target, we will need to constantly innovate 
and develop superior battery chemistries capable of higher charge 
capacities and specific energies/energy densities (Fig. 1, A and B), 
preferably based on sustainable Earth-abundant raw materials (Fig. 1C). 
Beyond lithium-ion batteries, the promising candidates include 
lithium-metal batteries, since lithium has extremely high specific 
capacity (3861 mAh g−1) and negative reduction potential [−3.0 V 
versus the standard hydrogen electrode (SHE)] (4). To circumvent 
limited reserves of lithium, another attractive alternative is sodium- 
metal batteries, as sodium has much higher crustal abundance (more 
than 1000 times that of lithium) (4). Despite their immense promise, 
lithium-metal and sodium-metal batteries still face multiple 

challenges that need to be overcome before successful commercial-
ization. Nevertheless, a large proportion of contemporary research 
in these upcoming battery technologies continues to rely on the 
Edisonian trial-and-error approach. Such studies are typically con-
ducted in chronological order of material synthesis, electrode and 
electrolyte fabrication, followed by cell assembly and testing. On the 
basis of a traditional workflow, reports have suggested that there 
are likely in excess of 10100 permutations just for the selection 
of active materials and electrolytes (6). In cases where positive en-
hancements to cell performance may be observed, further sim-
ulation work could be undertaken to derive an understanding of the 
underlying structure-property relationships within that particular 
small chemical space. This begs two potential questions: Could theory 
be better used to design experiments to reduce our time and re-
source requirements, and if so, how can we envision a workflow 
that integrates both theoretical modeling and experimentation 
in tandem?

To this end, the combination of theory and experiment can help 
to accelerate scientific and technological development in batteries 
(Fig. 2) (7, 8). In particular, theory calculations can be used to guide 
the rational design of experiments, obviating the need for an Edisonian 
approach. For instance, first-principles calculations can be applied in 
high-throughput screening of large chemical spaces to predict up-
coming battery materials, followed by detailed experimental validation 
of the most promising candidates in a feedback loop. To understand 
experimentally observed battery phenomena, theory computations can 
be used to simulate the structures and properties of less understood 
battery materials, offering deep insight into fundamental process-
es that are otherwise difficult to access, such as ion diffusion mech-
anisms and electronic structure effects. Models and simulations can 
also predict the state of charge, state of health, and cycle life of 
batteries, coupled with experimental measurements for real-time 
evaluation of battery performance. This can enable us to make a 
precise quantitative assessment about absolute limits for perfor-
mance, such as the remaining useful life, optimal fast charging rate, 
and risk of short circuits/premature failures, etc. During the research 
process, scientists can use theoretical models and simulations to 
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conduct virtual experiments in addition to physical experiments. 
These “what if” analyses can lend a critical understanding of the 
battery system in addition to real observed phenomena. Even the 
most meticulously executed experiments cannot be entirely free 
from the possibility of human errors in data collection or cognitive 
bias in data interpretation. In this regard, theory and computational 
calculations can help with the validation of empirical data, when 
performed in conjunction with experiments evaluating the real- 
time electrochemical performance of a cell. Overall, successful inte-
gration of computations and experiments can help to establish a 
predictive framework to understand the complex electrochemical 
processes occurring in batteries, as well as uncover important un-
derlying trends and common guiding principles in battery materials 
design. With this deep understanding, we can in turn engineer and 
control electrochemical reactions to build better batteries.

Theoretical modeling enables us to fundamentally understand 
the physics and electrochemistry occurring in batteries, especially 
degradation processes. This includes atomistic models based on 
density functional theory (DFT) (9), molecular dynamics (MD) 
(10), and continuum models such as phase-field models (11), single- 
particle model (12), pseudo–two-dimensional (2D) model (13), and 
multiphase porous electrode theory (table S1) (14). These models 
can be used to study a wide variety of battery processes occurring at 
different length and time scales, including lithium diffusion, den-
drite growth, solid electrolyte interphase (SEI) formation/growth, 
phase separation, and particle cracking. In this review, we focus 

predominantly on atomistic models using DFT (Fig. 2A) and MD 
(Fig. 2B) at the materials level. We will also discuss linear stability 
analysis of continuum models (15), which is a mathematical tech-
nique that is widely used to study metal plating and dendrite growth 
(Fig. 2C). In addition, model order reduction is commonly used in 
reducing the computational complexity of these models to acceler-
ate computation at the expense of some fidelity and accuracy.

Critical to building and validating theoretical models are experi-
mental characterization techniques, preferably in situ and operando 
(rather than ex situ) to reflect actual operating conditions. Using 
these techniques, we can quantify key electrochemical, physical, and 
structural information and connect these parameters to the models. 
Commonly used experimental techniques can be classified into three 
main categories, namely, electrochemistry, spectroscopy, and mi-
croscopy (table S2). Some typical electrochemical characterization 
techniques include galvanostatic charge-discharge, electrochemical 
impedance spectroscopy, galvanostatic/potentiostatic intermittent 
titration technique, and cyclic/linear sweep voltammetry (Fig. 2E) 
(16). Detailed chemical compositions and environments can be mea-
sured using spectroscopic techniques such as Raman, Fourier trans-
form infrared, x-ray absorption/photoelectron, and nuclear magnetic 
resonance spectroscopy (Fig. 2F) (17). To resolve nanoscale and mi-
croscale features in battery materials, microscopic techniques such as 
optical, electron, scanning probe, and x-ray microscopy are used 
(Fig. 2G) (18). Diffraction techniques such as x-ray, electron, and neu-
tron diffraction are also commonly used.

Fig. 1. Summary of the energy storage parameters for various battery chemistries. (A) Specific and volumetric capacities of lithium, sodium, magnesium, and alumi-
num metal anodes. (B) Theoretical specific energies and energy densities of metal-sulfur batteries. Tabulated energy values calculated based on the conversion of ele-
mental sulfur, S8, to the discharged products, i.e., Li2S, Na2S, MgS, and Al2S3, respectively. (C) Elemental abundance in the Earth’s crust and reduction potentials of metal 
anodes versus the standard hydrogen electrode (SHE). Tabulated data for (A) were obtained from (126). Data for (B) were obtained from (19, 59, 127, 128). Data for (C) were 
obtained from (47, 126, 129).
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This review discusses case studies of theory-guided experimental 
design in battery materials research, where the interplay between 
theory and experiment led to advanced material predictions and/or 
improved fundamental understanding. We focus on specific exam-
ples in state-of-the-art lithium-ion, lithium-metal, sodium-metal, and 
all-solid-state batteries. To spur future development, we also offer 
some perspectives and outlook in the areas of multivalent battery 
chemistries, understanding battery interfaces, high-throughput 
computations/experiments, and machine learning. Despite the 

challenges involved, interdisciplinary collaboration between theorists 
and experimentalists is expected to yield notable battery advances 
in the future.

LITHIUM-ION BATTERIES
Traditional lithium-ion batteries operate based on intercalation of 
lithium ions into layered electrode materials (3, 4). As representa-
tive examples, when graphite anode is paired with LiCoO2 and 

Fig. 2. A framework of theoretical computation and experimentation for building upcoming battery technologies. (A) Model structure of a Na1.17Sn2 anode inter-
phase with vacancy defects, as represented by asterisks. Arrows in the magnified view represent possible diffusion paths for Na. (B) Calculated MD models of the interface 
between Li-intercalated graphite (LiC24) anodes and amorphous Li2CO3 solid electrolyte interphase (SEI) films for graphite. (C) Schematic of a continuum battery model 
with porous electrodes, based on the multiphase porous electrode theory. (D) Schematic representation of standard battery components, and theoretical models on 
different system length scales, with emphasis on iterations between theoretical insights and experimental validation. (E) Electrochemical analysis. Temperature-dependent 
electrochemical impedance spectra of symmetric sodium cells with a modified biphasic interphase. (F) Spectroscopic analysis. Raman spectra of Mg triflate–containing 
electrolyte solutions. a.u., arbitrary units. (G) Microscopic analysis. Scanning electron micrographs of sulfur-composite cathodes in a sodium-sulfur battery, based on a 
polyvinylidene difluoride binder. Part (A) was adapted with permission from (51), Elsevier. Part (B) was reproduced with permission from (10), Royal Society of Chemistry. 
Part (C) was reproduced with permission from (111), The Electrochemical Society. Part (E) was adapted with permission from (50), Elsevier. Part (F) was reproduced with 
permission from (130), Elsevier. Part (G) was adapted with permission from (43), Royal Society of Chemistry.
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LiNi1/3Mn1/3Co1/3O2 cathode, these batteries offer theoretical spe-
cific energies of 387 and 420 Wh kg−1, respectively (19, 20). Such 
lithium-ion chemistries have been the mainstream technology for 
portable electronics and electric vehicles. The combination of theo-
ry and experiment over the years has helped us to understand un-
derlying mechanisms and in turn design better lithium-ion batteries.

In 1998, first-principles calculations were used to screen and 
identify a large class of cathode materials for lithium-ion batteries 
(21). LiCoO2 is a promising cathode material, but the high cost and 
unethical mining of cobalt have driven the search for alternative 
elements. In this work, the authors used ab initio calculations to 
direct the search for alternative cathode materials, where part of the 
transition metals was replaced with nontransition metals. In partic-
ular, it was found that upon replacing cobalt in LiCoO2 with alumi-
num, the resulting LiAlyCo1−yO2 material exhibited higher lithium 
intercalation voltage, with small enough formation enthalpy to form 
solid solutions. To test the theoretical predictions, LiAlyCo1−yO2 
cathodes were experimentally synthesized and showed higher open 
circuit and working voltages, while x-ray diffraction and scanning 
transmission electron microscopy showed that single-phase solid 
solutions were formed up to y ≈ 0.5. The cathode material also 
exhibited reversible charge/discharge behavior for about 10 cycles. 
Since then, the field of theory-guided experimental design has 
progressed rapidly with notable advances in computational power 
and experimental techniques.

Another example where a combination of theory and experi-
ment has led to progress in lithium-ion batteries is the discovery of 
simultaneous cationic and anionic redox reactions that occur in 
lithium-excess layered oxide cathode materials. In traditional sys-
tems, the transition metal cations in the cathode provide the redox 
activity required for reversible charging and discharging of the bat-
tery. In lithium-excess systems such as Li2Ru1−ySnyO3 and Li2IrO3, 
the oxide anions can also undergo oxidation and subsequent revers-
ible reduction, thereby enabling much higher theoretical capacities 
(22, 23). To avoid the use of precious metals, other lithium-rich 
antifluorite compounds, such as Li5FeO4, Li6CoO4, and Li6MnO4, 
have also been developed (24–26). As a case in point, Li5FeO4 cath-
odes were studied using both theory and experiment, in which the 
authors found that reversible cycling relies on both the Fe4+/Fe3+ 
and O−/O2− redox couples (Fig. 3A) (27). In particular, the lithium- 
excess Li6-O configuration was identified by DFT calculations to play 
a key role in enabling the reversible O−/O2− redox behavior. Density 
of states calculations led to the finding that O− in the Li6-O config-
uration represents labile oxygen states that can undergo reversible 
transformation to O2−, which forms the basis of anionic redox in 
Li5FeO4 cathodes (Fig. 3, B to D). Multiple experimental techniques 
were used for validation, including ex situ Raman spectroscopy 
(Fig. 3F), x-ray diffraction (Fig. 3G), and x-ray absorption spectros-
copy. Simultaneous oxidation of Fe3+ to Fe4+ and O2− to O− was ex-
perimentally observed at ~3.5 V versus Li/Li+, upon initial extraction 
of the first two lithium ions from Li5FeO4 (Fig. 3E). Subsequently, 
the reversible cycling region was identified to be between 1.0 and 
3.8 V, which corresponds to the formation of Li3FeO3.5 upon charge 
and Li4FeO3.5 upon discharge. It was also found that charging be-
yond 3.8 V led to irreversible formation of Li2FeO3, LiFeO2, and O2 
gas due to oxidation of O− to O0 and elimination of Li6-O configu-
rations, hence explaining the drastic capacity decay observed by the 
authors and in prior literature (24, 28, 29). This combined theory- 
experiment work serves as a framework to understand other cation/

anion redox materials and provides guiding principles for designing 
improved lithium-ion battery systems.

LITHIUM-METAL BATTERIES
Lithium-metal batteries can potentially achieve much higher specif-
ic energies by the use of a lithium metal anode, with its high specific 
capacity of 3861 mAh g−1 and negative reduction potential of −3.0 V 
versus SHE (Fig. 1, A and C) (30). When lithium anode is paired 
with a high-capacity cathode material such as sulfur, the resulting 
lithium-sulfur battery has a theoretical specific energy of 2567 Wh kg−1 
(Fig. 1B) (20). The fundamental difference with intercalation-based 
lithium-ion batteries is that lithium-sulfur batteries operate based 
on metal deposition/dissolution at the lithium anode, as well as 
conversion reaction at the sulfur cathode (16Li + S8 ⇌ 8Li2S), hence 
offering higher specific energy. Besides lithium-sulfur, lithium- 
oxygen and lithium-air batteries are also emerging technologies 
because of their high theoretical specific energies. The active material 
in lithium-air batteries is O2, with excellent recyclability, less toxicity, 
and lower associated material costs. Despite these merits, practical 
application remains elusive because of challenges such as variability 
in controlling specific discharge products. For instance, discharge 
products of nonaqueous lithium-air systems include LiOH, Li2O, 
and Li2O2, which lead to variable theoretical specific capacities of 
1117, 1787, and 1165 mAh g−1, corresponding respectively to specific 
energies of 3350, 5361, and 3495 Wh kg−1 based on an average 
operational potential of 3 V (31). Aqueous lithium-air systems in 
comparison have a much lower specific energy of 2170 Wh kg−1 
because of the formation of LiOH∙H2O as discharge product. In this 
regard, the air-electrode microstructure is an important determi-
nant of realizable discharge capacities and performance. Hence, 
despite the promise of these lithium-metal chemistries, challenges 
must be overcome for their practical adoption to become a reality.

Focusing on the lithium anode, one critical challenge is uncon-
trolled dendritic growth when lithium is electrodeposited during 
cycling, thus causing internal short circuits and thermal runaway. 
Therefore, there has been intensive research on stabilizing the lithi-
um anode via interface and electrolyte engineering, both computa-
tionally and experimentally. Within continuum modeling, researchers 
have performed linear stability analysis of electrodeposition (analy-
sis of how the peaks/troughs of a metal surface grows/shrinks in 
response to an infinitesimally small surface perturbation). These 
works mathematically investigate how various transport, electro-
chemical, and mechanical effects can mitigate or worsen dendritic 
metal growth in liquid and solid electrolytes, and relate it to experi-
mental techniques that can control such growth (32).

As a first example, a combination of theory and experiment was 
used in the chemomechanical design of lithium-ion conductors 
coated on polymeric separators to suppress dendrite growth in 
lithium-metal batteries (33). The theoretical foundation that led to 
this line of work was laid down in studies that used linear stability 
analysis to analyze the stabilizing and destabilizing effects of surface 
energy and mechanical factors such as pressure, viscous stress, and 
deformational stress on electrochemical reaction kinetics (15). The 
main conclusion of this analysis is that solid polymer electrolytes 
with a sufficiently high shear modulus can block dendritic growth. 
The analysis was further extended to account for additional density- 
driven stabilization conferred by the difference in the metal density 
between the electrode and solid electrolyte (34). In this analysis, it 
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was predicted that such a density-driven stabilization can suppress 
dendritic growth and be realized by a solid electrolyte that achieves 
V+/VM < 1 and Gs/Ge < 0.7, where V+ and VM are the partial molar vol-
umes of the metal ion in the solid electrolyte and the metal atom in 
the electrode, respectively, while Gs and Ge are the shear moduli of the 
solid electrolyte and the electrode, respectively. To access this density- 
driven stabilization regime, it was suggested that such a solid electrolyte 
should have ceramic-like ion-conducting domains embedded in a 
polymer-like matrix with a low shear modulus (33). The authors ex-
perimentally validated this suggestion by synthesizing LiF on poly-
mer of intrinsic microporosity composites, which were coated onto 

Celgard separators and used in lithium-metal batteries with liquid 
electrolyte. These lithium-ion conductors extended the battery cy-
cle lives without short-circuiting, and uniform lithium plating was 
visually confirmed by synchrotron hard x-ray microtomography.

Another case study of theory-experiment interplay focuses on 
stabilization of lithium metal anodes in liquid electrolytes via cation 
regulation (35). The lineage of this work can be traced back to an 
early study that performed a steady-state linear stability analysis of 
metal electrodeposition/plating in the presence of immobilized an-
ions in a liquid electrolyte (36). In this work, the authors concluded 
that the negative background charge of the tethered anions provides 

Fig. 3. Phase conversions of Li-rich antifluorite Li5FeO4 with simultaneous iron and oxygen redox activity. (A) Schematic illustration of the Li6-O configuration 
during the delithiation of Li5FeO4. Reversible redox reaction of the O−/O2− couple is maintained when delithiation does not proceed beyond the point where the Li6-O 
configuration is destroyed via irreversible oxidation to O0. (B to D) Projected density of states from density functional theory simulations of O 2p orbitals and Fe 3d orbitals 
for O2− ion in the Li6-O configuration and the nearest Fe ion in cation-disordered Li4FeO3.5 (B), O1− ion in the Li6-O configuration and the nearest Fe ion in cation-disordered 
Li3FeO3.5 (C), and O2− ion in the Li/Fe-coordinated O configuration and nearest Fe ions in cation-disordered Li3FeO3.5 (D). (E) Charge/discharge behavior of Li5FeO4 
between 4.7 and 1.0 V. First cycle is shown in red followed by the subsequent five cycles in blue. (F and G) Ex situ Raman spectra (F) and ex situ high-energy x-ray diffrac-
tograms (G) measured at different states of charge/discharge corresponding to the points labeled in (E). The cathode collected at points i and ii shows typical features of 
the antifluorite Li5FeO4, while vertical dashed lines in (G) denote the diffraction peaks corresponding to the (200), (220), and (222) planes of the disordered rock salt phase 
(DRP). Figure reproduced with permission from (27), Springer Nature Limited.
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stabilization to electrodeposition by weakening the electric field at 
the negative electrode. Generalizing this linear stability analysis, a 
more recent study (32) showed how a negative background charge 
weakens the electric field at the negative electrode via an ion trans-
port mechanism known as surface conduction (37) (current carried 
by counterions in the electric double layers that is above and be-
yond the limiting current) and accounted for a transient base state 
(which enables a detailed examination of the system state around 
Sand’s time) (38) and a background charge of any sign. This stabil-
ity analysis was also validated by experimental results using copper 
electrodeposition as a model system (39). Building on these previ-
ous theoretical and experimental results, researchers sandwiched a 
layer of collagen hydrolysate coated on absorbed glass mat between 

the metal anode and glass mat separator, achieving uniform lithium 
electrodeposition/plating in lithium-metal batteries (35). This den-
drite suppression effect was attributed to a combination of surface 
conduction stabilization from the negatively charged collagen hy-
drolysate ions and favorable binding interactions between lithium 
ions with collagen hydrolysate particles adsorbed on the negative 
electrode surface (32).

Developing 3D current collectors is another method to regulate 
the electrodeposition of lithium. For example, by integrating theory 
and experiment, a copper current collector with 3D hollow features 
that promote the lateral growth of lithium dendrites was designed, 
reducing dendritic stress and separator damage (Fig. 4, A and B) (40). 
Numerical simulations based on finite element analysis confirm 

Fig. 4. Numerical simulation–guided design of a 3D current collector for suppressing dendrite growth in Li-metal batteries. (A and B) Schematic illustration of the 
formation of different Li anode structures during Li plating/stripping on planar copper [P-Cu, (A)] and a polyimide-clad copper grid current collector [E-Cu, (B)]. (C) Numer-
ical simulation of the electric field distribution in E-Cu by an electrical conduction model. (D to G) Simulations of von Mises stress distributions for dendritic protrusions in 
a standard case with planar electrode (D), and for E-Cu, where the dendrite layer reaches 95% (E), 75% (F), and 50% (G) of the compartment height. (H) Schematic illustra-
tions of Li metal deposition in E-Cu and P-Cu symmetric cell configurations. (I) Top view scanning electron micrograph of E-Cu after cycling for 150 cycles at 0.5 mA cm−2. 
Inset: Magnified image of the pinhole structure defined by the selected area in red. (J) Top view of E-Cu after removal of the upper polyimide film. (K and L) Top-down 
views of P-Cu after cycling. Scale bars, 50 m, 50 m, 2 m, and 500 nm in (I), (J), (K), and (L). The scale bar in the inset figure of (I) represents 10 m. Figures adapted with 
permission from (40), Springer Nature Limited.
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that this is a result of lateral electric field lines, due to the unique 
shape of the current collector (Fig. 4C). Moreover, simulations of 
the von Mises stress distributions of any potential lithium dendrite 
protrusions show that they generate less stress on the separator 
compared to the control case when a flat current collector is used 
(Fig. 4, D to G). On the basis of this theoretical guidance, the au-
thors experimentally tested the 3D current collector to perform lith-
ium plating and stripping in Li//Cu coin cells, observing superior 
cycling stability with 99% coulombic efficiency (CE) over 150 cycles 
at 0.5 mA cm−2. The lithium dendrites were found to be accommo-
dated inside the hollow compartments without protruding out 
(Fig. 4, H to K). This was in contrast to the control case using a 
planar current collector, which showed uncontrolled dendrite growth 
and short-circuiting behavior.

Lithium metal anodes are also prone to undesirable side reac-
tions when paired with sulfur cathodes. In lithium-sulfur batteries, 
soluble lithium polysulfide intermediates (Li2Sn; n = 4 to 8) generated 
at the sulfur cathode during cycling dissolve into the electrolyte and 
irreversibly react with the lithium anode, leading to capacity loss 
and the shuttle effect, with actual specific energies far lower than its 
theoretical value (41). To solve this challenge, suitable binders can 
be used in sulfur cathodes to bind the lithium polysulfides and 
reduce their outward diffusion. Starting from DFT calculations, a 
series of functional groups in polymeric binders were screened for 
their affinity toward Li-S∙ species (which represents the relevant end 
group in Li2Sn) (42). From the screening results, the authors found 
that the carbonyl functional group has the highest binding energy 
with lithium polysulfides and, to this end, they predicted poly(vinyl-
pyrrolidone) to be a promising binder material. Experimentally, 
they tested and verified this binder to exhibit a more stable lithium- 
sulfur battery cycling performance over prolonged 500 cycles at 
0.2 C (Li//S coin cell with initial specific capacity of 760 mAh g−1 
and 97% CE), compared to the control case with a conventional 
polyvinylidene fluoride binder. This methodology of theory-guided 
binder selection has been successfully implemented in sodium- 
sulfur batteries as well, where the use of a polyacrylic acid binder 
resulted in long cycle life of 1000 cycles at 0.5 C (Na//S coin cell with 
initial specific capacity of 1195 mAh g−1 and nearly 100% CE) (43).

SODIUM-METAL BATTERIES
Sodium-metal batteries are also gaining attention in the community 
(44, 45). Despite the lower specific capacity (1166 mAh g−1) and less nega-
tive reduction potential (−2.7 V versus SHE) of sodium anode compared 
to lithium, sodium has the advantages of higher natural abundance 
and lower cost (Fig. 1, A and C) (46, 47). This makes sodium-metal 
batteries suitable for large-scale and low-cost stationary applications 
such as grid storage. Room temperature sodium-sulfur batteries, 
for instance, can offer a specific energy of 1274 Wh kg−1 based on 
the following reaction: 16Na + S8 ⇌ 8Na2S (Fig. 1B) (47). Sodium- 
metal batteries are plagued with challenges similar to their lithium 
analogs, albeit more severe because of fundamental reasons such 
as the higher chemical reactivity of sodium metal toward the elec-
trolyte (46).

In sodium-metal batteries, nonuniform metal deposition and 
dendrite formation also lead to severe irreversibility and safety is-
sues (48). A potential strategy is to use super-concentrated ionic 
liquid electrolytes with preconditioning, which has been shown to 
help alleviate these issues. However, the mechanisms of this process 

are not well understood. In a recent work, a combination of theory 
and experiment was used to investigate N-methyl-N-propylpyrroli-
dinium bis(fluorosulfonyl)imide (C3mpyrFSI) ionic liquid electro-
lyte with a high concentration (50  mole percent) of sodium 
bis(fluorosulfonyl)imide (NaFSI) (49). In particular, MD simula-
tions were used to examine the effect of different salt concentra-
tions on the interfacial nanostructure (ion number density profiles) 
of C3mpyrFSI at potential of zero charge. The interfacial nano-
structure (force-distance profiles) of C3mpyrFSI at open circuit po-
tential under various salt concentrations was also probed using 
atomic force microscopy, which agrees well with the MD results. It 
was found that this super- concentrated electrolyte results in the for-
mation of a highly aggregated Nax(FSI)y molten salt–like structure, 
leading to improved SEI formation and dendrite-free metal deposi-
tion. This work sheds light on the mechanisms of improved cycling 
with super-concentrated ionic liquid electrolytes and provides im-
portant guiding principles for the future development of other solvent- 
in-salt electrolytes for metal anodes.

Another strategy to improve the reversibility of sodium anodes 
is to develop artificial interphases to stabilize them. An effective 
artificial interphase should have high Young’s modulus and critical 
strain to suppress dendrite growth, as well as low ionic diffusion 
barrier to enable high ionic conductivity. To this end, a biphasic 
interphase consisting of NaNH2 and NaOH was designed on sodi-
um anode using a solid-vapor approach (Fig. 5, A and B) (50). DFT 
was used in the calculation of stress-strain curves to determine the 
Young’s modulus and critical strain (Fig. 5, D and E), followed by 
calculation of sodium-ion migration pathways to determine the 
ionic diffusion barrier (Fig. 5C). Motivated by the computational 
results, the authors experimentally tested and verified that the 
NaNH2-NaOH artificial interphase was effective in mitigating den-
drite growth and promoting high ionic conductivity, using cryo–
transmission electron microscopy (Fig. 5, F to I) and electrochemical 
impedance spectroscopy, respectively. The interphase allowed sta-
ble sodium plating and stripping over 500 cycles at current densities 
ranging from 1 to 50 mA cm−2 in symmetric cell configuration. A 
highly reversible sodium-sulfur battery was also demonstrated over 
500 cycles at 0.5 C (Na//S coin cell with initial specific capacity of 
1110 mAh g−1 and 99.7% CE). It is noteworthy that this concept of 
integrating theory and experiment was applied in the development 
of an artificial metal alloy (Na1.17Sn2) interphase on sodium anode 
as well, enabling stable sodium-sulfur batteries with similar cycling 
performance (51).

ALL-SOLID-STATE BATTERIES
All-solid-state batteries using solid-state electrolytes have attracted 
burgeoning interest as a safer alternative compared to traditional 
flammable liquid electrolytes (7, 52). The solid-state electrolyte may 
also confer additional mechanical stabilization to mitigate dendritic 
growth in alkali metal anode (15). As a result, tremendous efforts 
have been made in the pursuit of ultrafast solid-state ionic con-
ductors at room temperature to realize all-solid-state batteries. 
In designing solid-state electrolytes, key desirable properties in-
clude high ionic conductivities at room temperature (preferably 
>0.1 mS cm−1), electrochemical stability for operation at high 
voltages (>4.0 V), and low charge-transfer resistances at the interface 
regions with either electrode, all while providing good mechanical 
strength and flexibility (52).
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In the field of all-solid-state batteries, various superionic con-
ductors have been reported, which belong to seemingly different 
structure types, although no universal principle has yet been found. 
In 2015, a fundamental structural relationship between anion pack-
ing and ionic transport in fast lithium-conducting materials was 
revealed using first-principles–based ion kinetic calculations (53). 
Materials that have underlying body-centered cubic-like anion 
framework were generally found to be good lithium-ion conductors 
as they allow direct lithium hops between adjacent tetrahedral sites. 
These findings provide useful insight and design principles regarding 
fast ionic transport in lithium-ion conductors. Using this theoretical 
guidance, researchers were then able to design promising lithium-ion 
conductors such as Li1+2xZn1−xPS4 by engineering interstitial de-
fects to further enhance ionic conductivity (54).

Having a wide electrochemical stability window is an important 
design consideration for solid-state electrolytes. Operating outside 

this window results in decomposition of the solid-state electrolyte, 
leading to increased cell resistance and lowered performance. However, 
the mechanisms of this decomposition are not well understood; thus, 
it has been difficult to predict stability windows. Recently, it was 
revealed that this stability window is not controlled by the formation 
energies of the decomposition products (as would be theoretically 
predicted); instead, it is determined by redox events that occur during 
(de)lithiation (55). Specifically, the authors used a suite of comple-
mentary computational and experimental techniques to understand 
these redox events in argyrodite-type Li6PS5Cl solid-state electro-
lyte. DFT and MD simulations predicted that the kinetically favor-
able decomposition pathway was indirect instead of direct, via (de)
lithiated states of argyrodite, into thermodynamically stable prod-
ucts, hence widening the electrochemical stability window. These 
theoretical results motivated the use of x-ray diffraction and solid- 
state nuclear magnetic resonance to observe the (de)lithiated argyrodite 

Fig. 5. Theory-guided rational design of a biphasic interphase on sodium-metal anodes with high stiffness and ductility, and a low Na-ion diffusion barrier. 
(A) Illustration of interphase mechanical properties on sodium anodes, specifically a stiff NaOH interphase suppressing large dendrite formation (left), and a ductile NaNH2 
interphase accommodating volumetric expansion during sodium growth (right). (B) Schematic of a biphasic interphase comprising both stiff and ductile phases main-
taining a dendrite-free surface after cycling. (C) Models of the NaOH and NaNH2 crystal lattices. Arrows represent thermodynamically favorable ionic diffusion paths pre-
dicted by density functional theory calculations. (D and E) Stress-strain responses of the NaOH (D) and NaNH2 (E) lattices shown in (C). (F) Scanning electron micrograph 
of as-deposited pure sodium (scale bar, 10 m). (G) Cryo–transmission electron micrograph of a sodium dendrite (scale bar, 1 m). (H and I) Cross-sectional cryo–transmission 
electron micrographs of sodium deposition, with biphasic interphase demonstrating both organic and interphase layers. Scale bars, 50 nm (H) and 10 nm (I). Figures 
adapted with permission from (50), Elsevier.
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phases, providing clear evidence of the indirect pathway. Notably, 
the computational and experimental findings were in excellent 
agreement, lending strong support to the authors’ conclusion that 
the primary mechanism was redox events, which has previously been 
overlooked. Furthermore, they were able to extend their conclusion 
to other solid-state electrolytes such as Li7La3Zr2O12 garnet- type and 
Li1.5Al0.5Ge1.5(PO4)3 NASICON-type, showing the generalizability 
of their findings.

Another key issue in all-solid-state batteries is the integration be-
tween these solid-state electrolytes and the highly reducing alkali met-
al anodes. Suitable interfaces between the reactive metal anode and 
solid-state electrolytes need to be developed to prevent the electrolyte 
material itself from being degraded over time. Recently, a protective 
passivating hydrate (Na3SbS4∙8H2O) was identified by computation 
for the solid-state electrolyte Na3SbS4 and experimentally verified to 
serve as a stable electrolyte-anode interface for sodium-metal batter-
ies (Fig.  6,  A  and  B) (56). Specifically, first-principles calculations 
were used to screen possible passivating materials that are stable upon 
contact with sodium metal, and predicted NaH and Na2O to be 
promising candidates. Nudged elastic band calculations were also 
performed to determine sodium vacancy migration energies of 

hydrates and identified Na3SbS4∙8H2O to have good sodium-ion con-
ductivity because of lower migration barriers (Fig. 6, C to E). Experi-
mentally, they synthesized such a layer by exposing Na3SbS4 to 
ambient air, resulting in the formation of a Na3SbS4∙8H2O hy-
drate layer. This hydrated phase partially reacts with sodium metal to 
form NaH and Na2O as passivating materials, which was confirmed 
by spatially resolved synchrotron x-ray diffraction (Fig. 6F). They as-
sembled Na//Na3SbS4//Na symmetric cells (using in-house–designed 
pressure cells) and evaluated the sodium plating and stripping perform-
ance of the air-exposed case and the pristine case at 0.1 mA cm−2. 
Consistent with their calculations, they found that the air-treated case 
resulted in lower and more stable plating and stripping overpotentials 
(Fig. 6G). On the other hand, the pristine case had continuously in-
creased polarization over a period of 25 hours.

PROSPECTS AND OUTLOOK
In addition to the case studies above, we outline future directions in 
which similar theory-experiment frameworks can be exploited. These 
include the development of battery technologies based on multiva-
lent ions, such as magnesium and aluminum ions. In addition,  insights 

Fig. 6. Enhancement of the interfacial stability between Na anode and the Na3SbS4 solid-state electrolyte via surface hydration. (A and B) Schematic of the elec-
trolyte Na-metal interface for the nonhydrated Na3SbS4 solid electrolyte where a mixed conductive layer grew after cycling versus the surface-hydrated Na3SbS4 electro-
lyte where a passivating interface was formed. (C) Na vacancy migration energies along the minimum energy paths by nudged elastic band calculations for surface- hydrated 
Na3SbS4 electrolytes: Na3SbS4·8H2O and Na3SbS4·9H2O. (D and E) Na vacancy migration pathways with minimal percolation barriers in Na3SbS4·8H2O along the [100] 
direction (D) and in Na3SbS4·9H2O along the [010] direction (E). Na(H2O,S)6 octahedra and SbS4 tetrahedra are respectively colored yellow and brown. (F) Experimental 
validation of the surface-hydrated interface regions in a Na/Na3SbS4/Na symmetric cell with spatially resolved post-operando synchrotron x-ray diffractogram. The bolded 
red, gray, and yellow spectra correspond to the interface region, solid electrolyte, and the hydrated Na3SbS4·8H2O, respectively. (G) Galvanostatic cycling of Na/Na3SbS4/Na 
symmetric cells at a current density of 0.1 mA cm−2, demonstrating increasing potentials for cells without surface hydration pretreatment (gray). Figures adapted with 
permission from (56), Elsevier.
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can be gleaned from studying the formation of battery interfaces 
and their evolution during cycling, where such knowledge may fur-
ther serve as input for high-throughput computations and machine 
learning to develop next-generation energy storage systems. Last, 
we also offer some recommendations for effective and fruitful col-
laborations between theorists and experimentalists.

Multivalent battery chemistries
Although research has been largely focused on monovalent lithium 
and sodium batteries, in recent years, there has been emerging 
interest in developing alternative multivalent chemistries based on 
magnesium and aluminum (57). Compared to lithium, these elements 
are more earth-abundant; therefore, such batteries are more sus-
tainable and cost-effective in the long term (Fig. 1C). Despite their 
relatively lower specific capacities, magnesium and aluminum anodes 
have higher volumetric capacities (3833 and 8046 mAh ml−1, respectively) 
compared to lithium, due to their capability for multiple electron trans-
fers (Fig. 1A) (58). This endows magnesium- and aluminum-sulfur 
batteries with high energy densities of 3221 and 2981 Wh liter−1, 
respectively (Fig. 1B) (59).

Although multivalent battery chemistries come with their own 
unique mechanisms and challenges, theoretical frameworks and ex-
perimental techniques established for studying monovalent batter-
ies can be translated for studying these systems. For example, a 
cation vacancy-rich anatase TiO2 was developed that enables re-
versible magnesium and aluminum ion insertion (60). The authors 
began by performing DFT calculations, which revealed that the in-
tercalation energy of these ions becomes more negative in the pres-
ence of single and double titanium vacancies. Motivated by these 
findings, they intentionally engineered these vacancies into TiO2 via 
the introduction of fluoride and hydroxide anions. High- resolution 
transmission electron microscopy offered atomic resolution of these 
vacancies in TiO2. Notably, by using state-of-the-art high-energy x-ray 
and nuclear magnetic resonance techniques, the authors found that the 
number of magnesium ions intercalated directly matched the concen-
tration of titanium vacancies, which affirmed their design strategy. 
Their findings were further validated experimentally by the galva-
nostatic intermittent titration technique, which confirmed faster Mg2+ 
diffusion in the vacancy-engineered Ti0.78□0.22O1.12F0.40(OH)0.48 as 
compared to stoichiometric TiO2. A similar trend was found for 
aluminum ions, with the presence of titanium vacancies leading 
to an increase in capacity. These findings motivate the use of theo-
retical simulations and experimental techniques for defect engi-
neering as a tool to enable reversible multivalent ion intercalation 
for future studies.

Compared to monovalent batteries, scientific research on multi-
valent batteries is still in its infancy. The chemistry of magnesium 
and aluminum electrolytes is considerably more complicated; many 
promising electrolytes that enable reversible multivalent batteries 
are chloride-based (61, 62). Hence, the electroactive species are often 
chloride-containing complex ions in dynamic equilibrium, rather 
than simply bare metal ions. Examples of such electroactive com-
plexes include MgCl+ and Mg2Cl3+ in the case of magnesium alumi-
num chloride complex electrolyte (63, 64), as well as AlCl4

− and 
Al2Cl7− in the case of aluminum chloride in imidazolium chloride–
based ionic liquid electrolyte (65) (the solvent molecules bonded to 
these complexes depend on the specific electrolyte solvents used). 
Experimentally, the identity of these species can be deduced using 
a variety of techniques including Raman spectroscopy, nuclear 

magnetic resonance, and single-crystal x-ray diffraction (66). For 
realistic modeling in multivalent batteries, the complex nature of 
these electroactive species should be taken into account, instead of 
the simplistic representation of Mg2+ and Al3+ ions. The combi-
nation of theory and experiment will open up opportunities in the 
discovery of promising multivalent battery materials, including fast 
charging intercalation/conversion electrodes and high- stability chloride- 
free electrolytes (67).

Understanding battery interfaces
Battery interfaces are arguably the most important yet the least un-
derstood component of batteries (68). Most of the important reac-
tions occur at the interfaces, for example, the formation and growth 
of anode-electrolyte interface, cathode-electrolyte interface, and metal 
dendrites (69). These reactions have a profound impact on the degra-
dation and failure of batteries; hence, it is imperative to understand 
the mechanisms behind interface formation and evolution to engi-
neer more stable interfaces and build safer, long-lasting batteries.

In the scientific literature to date, the majority of battery compu-
tations are performed on bulk materials rather than interfaces (70). 
It is well recognized that modeling of battery interfaces is com-
putationally challenging and costly because of the large size and 
structural complexity of the systems involved (71). However, given 
the importance of interfaces, more efforts should be devoted to such 
endeavors. For realistic modeling of electrified battery interfaces, 
we need to take into account both charge and solvent effects (72, 73). 
Both aspects are often neglected but closely interrelated, for ex-
ample, the electrolyte needs to be modeled to account for the elec-
trochemical potential. The inclusion of solvation effects is often 
constrained by computational power: Explicit solvent models are lim-
ited by phase-space sampling that is at least 10 times too small to 
reach convergence, while implicit solvent models do not give a com-
pletely realistic picture of the interface (73, 74). As a result, there needs 
to be a fine balance between the accuracy and cost of the computa-
tions involved. To achieve this, efforts should be geared toward the 
development of methods to reduce computational complexity at the 
expense of some fidelity (such as model order reduction).

In general, computations on battery interfaces may suffer from 
lack of validation against experimental data, especially if the results 
are not directly comparable with one another (75). Because of the 
dynamic nature of battery interfaces, in situ experimental charac-
terization is not trivial as well. Surface-sensitive spectroscopic and 
microscopic techniques can be used to characterize electrified inter-
faces; these techniques should preferably be operando and potential 
dependent as well to give useful information about the surface state 
under operating conditions (76). For example, ambient pressure 
x-ray photoelectron spectroscopy can be used to characterize the 
chemical species present at solid-liquid interfaces under more real-
istic conditions (77). Scanning probe microscopy methods such as 
scanning electrochemical microscopy can also be applied to study 
the local electrochemical behavior and surface reactivity of battery 
interfaces with high resolution (78). Liquid-phase transmission 
electron microscopy is emerging as a promising technique to ob-
serve SEI formation in sealed liquid electrolyte cells (79). In addi-
tion, cryo–electron microscopy has recently been used to study 
lithium and sodium dendrites at interfaces while preserving their 
original morphology and electrochemical state (50, 51, 80). However, 
operando methods to study battery interfaces remain limited, and 
some of these techniques may not reflect true operating conditions 
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(such as formation of artificial hot spots in sealed electron micros-
copy cells). To this end, more can be done to develop operando 
characterization techniques with improved capabilities and realistic 
conditions so as to provide directly comparable experimental data 
to validate the theoretical models.

Despite its challenges, incorporating theoretical computations 
with experimental data presents tangible benefits toward a better 
understanding of electrode interfaces. A combined theory-experiment 
approach can be especially favorable in studying the cathode- 
electrolyte interface, which is arguably less well understood com-
pared to the anode-electrolyte interface discussed earlier. One such 
study focused on the interface between high-voltage spinel-type 
cathodes (Li2NiMn3O8, Li2FeMn3O8, and LiCoMnO4) and solid- state 
oxide electrolytes [Li1.5Al0.5Ti1.5(PO4)3 and Li6.6La3Zr1.6Ta0.4O12], where 
high-temperature co-sintering typically done to improve the inter-
facial contact of the two solid components could inadvertently lead 
to chemical decomposition (81). DFT calculations were used together 
with differential thermoanalysis, thermogravimetry, and x-ray dif-
fraction to predict the decomposition pathways of the various 
cathode- electrolyte combinations. The authors reported greater 
compatibility between spinel materials and the Li1.5Al0.5Ti1.5(PO4)3 
solid electrolyte, compared to garnet-type Li6.6La3Zr1.6Ta0.4O12 due 
to the formation of insulating products that could increase the 
interfacial resistance. The compatibility data of these material com-
binations provide important insights toward designing cathode- 
electrolyte interfaces with enhanced stability and performance.

High-throughput computations/experiments
High-throughput computational materials science uses advanced 
electronic structure methods and electrochemistry/thermodynamics 
principles to design promising materials with the help of supercom-
puters (69, 70). In the area of batteries, high-throughput computa-
tions have been used to screen large compositional spaces for yet 
undiscovered cathode, anode, and electrolyte materials (71, 82). To 
achieve completely autonomous materials development, high- 
throughput methods can be combined with autonomous workflows. 
In essence, autonomous workflows can link different steps of the 
high- throughput procedure, troubleshoot errors, and make deci-
sions on the next simulation to perform based on the result of the 
previous step automatically (83, 84). Examples of such workflows are 
Atomate (85), Fireworks (86), Aflow (87), OQMD (88), MyQueue 
(89), and AiiDa (90). A recent work has demonstrated a workflow 
to investigate the thermodynamic and kinetic properties of battery 
intercalation electrodes based on descriptors like adsorption ener-
gies and diffusion barriers, identifying promising cathode mate-
rials for magnesium batteries (91). Nonetheless, examples of the 
use of autonomous workflows in battery computations are still rel-
atively limited. More of such works are needed to accelerate battery 
computations, especially when it comes to modeling of battery in-
terfaces with sheer number of atoms, facets, and terminations.

In an example of interface modeling, researchers examined the 
electronic, structural, and free energy properties of lithium-ion 
migration between a Li2CO3 SEI film and the graphite anode by 
using Car-Parrinello–type DFT-based ab initio MD with the Car- 
Parrinello molecular dynamics (CPMD) code. The calculations were 
performed across three aspects, starting from the (i) bulk properties 
of amorphous Li2CO3 and Li-intercalated graphite LiC24, examining 
the (ii) equilibrium properties of anode-SEI interfaces, followed by the 
(iii) free energy profiles of lithium-ion migration through these 

interfaces (10). Notably, the effect of the termination groups (e.g., 
mixed COOH, OH, and H) at the graphite edge was investigated. Cal-
culations of these interfacial structures indicated that mixed COOH 
terminations had a strong binding with the SEI leading to better 
wettability, while H terminations had poorer wettability. The free 
energy profile of Li+ intercalation from the Li2CO3-based SEI to LiC24 
depicted a barrier of at least 1.2 eV. Also, potential energy profiles of 
Li+ between the cathode and anode were evaluated under charge 
and discharge (Fig. 7C). The model demonstrated that approx-
imation of the charging stage is possible with application of an ex-
ternal electric field through the interface. Under the applied field, 
calculated free energy profiles showed a barrier of about 0.5 eV 
during charging, which corroborated with experimental data.

Thus, one practical application of theoretical models is their use 
to predict battery state variables for battery management systems 
(92). Two important degradation mechanisms include (i) loss of 
lithium inventory because of their consumption by side reactions 
and (ii) loss of active material leading to a loss of storage capacity. 
Such model-based approaches rely on physics-based modeling of 
the degradation behavior (also referred to as the physics-of-failure 
model) or by building empirical models to describe the decline of a 
system. They are typically represented by a complex mechanistic 
model as a set of differential equations, or an empirical regression 
model, which may then be used to predict future battery perform-
ance by extrapolation. Although many mechanistic models use 
the Butler-Volmer kinetics to calculate the increased film resistance 
and rate of side reactions, such developed models are typically re-
stricted to cycle life estimation at fairly low current densities (i.e., 1 C) 
since transport of lithium ions in the electrolyte is usually disre-
garded. Given that some model characteristics are temperature- 
dependent, a coupled thermal-electrochemical model (93) may better 
simulate battery performance at lower C rate over a wider range of 
temperatures (25° to 40°C). The variations in parameters such as 
the initial electrode stoichiometry and solid-phase diffusion time 
constants at varying aging cycles can be used as features for predic-
tion of remaining useful life.

In addition, high-throughput experiments are also crucial in 
complementing and validating the computations described above. 
Smart automation and robotics can be applied to generate experi-
mental data in a high-throughput manner (94). With high-throughput 
combinatorial methods, battery materials with different chemical 
compositions, phases, dopants, and defects can be prepared and 
characterized (95, 96). Advanced techniques such as 3D printing 
(additive manufacturing), thin-film sputtering, jet dispensing, pulsed 
laser deposition, and microplate techniques can be used to synthe-
size and optimize battery materials (97, 98). High-throughput x-ray 
diffraction and x-ray fluorescence techniques with automated sample 
changers can be applied to characterize their phase and chemical 
composition (99, 100). Electrochemical microfluidic cells can also 
be assembled, with all the components miniaturized and integrated 
in a flow-based microfluidic chip, for high-throughput screening of 
promising cathode, anode, and electrolyte materials (101). The ulti-
mate goal and challenge is to be able to integrate all these compo-
nents into a fully automated and continuous process.

Machine learning
To close the loop required for designing next-generation batteries, 
the high-quality computational and experimental data can be 
further applied in machine learning. Doing so would enable inverse 
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design of batteries (102), which allows the battery community to 
explore the materials space of batteries more efficiently and cheaply. 
To this end, machine learning algorithms including deep neural 
networks, support vector machine, and kernel ridge regression 
(6, 103) have been used to predict the voltage profiles of electrodes, 
reducing the number of DFT calculations needed to explore the large 
chemical space (104). Another recent report implemented image- 
based machine learning for microscopic analyses by x-ray computed 
tomography using deep convolutional generative adversarial 
networks to produce synthetic 3D images of multiphase micro-
structures. This method reduced the high computational costs tra-
ditionally associated with generating porous 3D structural data, 
which may in turn be used for predicting performances of large com-
binations of cathodes based on their actual electrode microstruc-
tures (105). Furthermore, machine learning has also been applied 
to screen billions of material candidates and identify promising lithium- 
ion conductors and solid-state electrolytes (106, 107).

Machine learning has also been used to predict the state of 
charge, state of health, and cycle life of batteries (108), as well as 
optimize fast charging protocols (109). The rise of open-source 
software in the battery community such as PyBaMM (110), MPET 

(111), and phase-field simulation software packages (112) will fur-
ther democratize reproducible research in batteries. However, ma-
chine learning models are largely described as “black boxes”; further 
work is needed to improve the explainability of these models (113). 
This could help to identify underlying latent factors that are chemi-
cally meaningful in understanding material properties. Examples 
of explainable artificial intelligence techniques include layer-wise 
relevance propagation (114), local interpretable model-agnostic ex-
planations (115), deep Taylor decomposition (116), and Shapley 
additive explanations (117). In the case of deep neural networks, 
for instance, they are especially suited for machine learning tasks 
such as image identification (116) but suffer from a lack of trans-
parency that restricts the evaluation capability of the solution, 
therefore limiting the scope of practical applications. In this regard, 
researchers have introduced a methodology for explaining multilayer 
neural networks by decomposing the network classification deci-
sion into a share of its input elements. This approach can be applied 
to a comprehensive set of input data, network architecture, and 
learning tasks, known as deep Taylor decomposition (116), which 
effectively uses the network structure by reversing the data from the 
output to input layer. Physics and domain knowledge may also be 

Fig. 7. Recent advances in electrochemical model building and materials discovery. (A) Flowchart of the cuckoo search algorithm as a metaheuristic algorithm for 
parameter identification in electrochemical models, based on the natural brood parasitism of cuckoo birds. Each egg in a nest represents a candidate solution, and the 
primary task of the algorithm is the production of potentially improved solutions as replacements for the worst solutions of the prior nests. Adapted with permission from 
(118), Elsevier. (B) Schematic flow of high-throughput screening and artificial intelligence (AI)–driven prediction of molecules for organic lithium-ion battery cathodes. 
Adapted with permission from (119), Elsevier. (C) Schematic representation showing energy profiles of Li+ during discharging and charging by ab initio MD. Black lines 
indicate the chemical potential of lithium in the respective materials, while blue lines represent the chemical potential of electrons within the current collector. Red lines 
indicate the energy profile of Li+ during the charging or discharging processes. The state of charge within anode and cathode is denoted by the relative amounts of Li+ 
(represented by green circles). Adapted with permission from (10), Royal Society of Chemistry.
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incorporated into machine learning models to reduce the possibility 
of overfitting and make the predictions more explainable and inter-
pretable (108).

More recently, researchers are also seeking to improve the effi-
ciency of machine learning workflows. One current challenge in the 
building of electrochemical cell models is parameter identification, 
due to the typically large number of physical parameters such as 
diffusion coefficients and reaction rate coefficients, each with varying 
sensitivity and identifiability. To address this issue, scientists used a 
data-driven parameter identification technique for an electrochemical 
model of the lithium-ion battery (118), termed as a “cuckoo search 
algorithm” shown in Fig. 7A. Voltage and current data were used as 
the sole inputs for multiobjective optimization of parameters. The 
authors validated the identification framework using commercial 
lithium nickel manganese cobalt oxide (NMC) cathode pouch cells, 
reporting that the method increased the identification accuracy of 
parameters in addition to resolving overfitting issues associated with 
limited dataset sizes. In another example, a framework was developed 
by combining artificial intelligence with DFT calculations to accelerate 
in silico discovery of organic electrode materials (119). This framework 
comprises three steps (Fig. 7B), starting with the resolution of crystal 
structures of a limited dataset of 28 material candidates (step A) by 
combining an evolutionary algorithm with DFT calculations, which 
is then applied to a larger chemical space (step B) of more than 
26,000 organic structures from a specific molecular database: Organic 
Materials for Energy Applications Database (OMEAD). Thus, an effi-
cient artificial intelligence kernel was obtained with good fidelity by 
combining data from both steps. The kernel allowed high-throughput 
screening of a large materials library comprising 20 million mole-
cules and identified high-voltage electrode materials containing nitro 
and nitrile moieties. Moreover, the screening led to the discovery of 
459 candidate materials with high theoretical specific energies po-
tentially above 1000 Wh kg−1, thus demonstrating the promise of 
accelerated discovery using artificial intelligence techniques.

Overall, the combination of high-throughput computations, ex-
periments, and machine learning in a closed loop can open up the 
prospect of self-driving laboratories for fully autonomous discovery 
of battery materials (120). This paradigm shift will transform and 
revolutionize the way we carry out battery research in the future.

Recommendations for effective collaboration
Solving complex problems in science often requires interdisciplin-
ary collaboration (121). Here, we outline some key lessons that can 
be learned and discuss best practices for collaboration between the-
ory and experiment in general, which can be applied to other fields 
beyond batteries as well. The strategies discussed here are by no 
means exhaustive.

To realize the full potential of theory-guided experimental de-
sign, one key lesson is for theorists and experimentalists to collaborate 
right from the outset (Fig. 8). Often times, theorists and experimen-
talists engage the help of each other too late into the project, leading 
to unnecessary delay. In collaborative projects on high-throughput 
computational screening of battery materials, one common con-
cern is stalled experimental progress at the start since there are no 
available predictions yet. To maximize efficiency, we recommend 
experimentalists to begin synthesizing and testing a small subset of 
these materials while waiting for the calculations to be completed. 
Regardless of whether these materials exhibit good or poor stability/
performance, these experimental results (either positive or negative) 
are important in validating the initial theoretical models. Subsequently, 
once a few stable and promising battery materials have been identi-
fied theoretically, experimental efforts can be focused on these can-
didates. This feedback loop between theory and experiment should 
take place iteratively until the most optimal battery materials have 
been developed.

On the basis of experience, another key lesson is the importance 
of generating computational and experimental data that are directly 
comparable (as far as possible) to facilitate mutual validation. As a 

Fig. 8. Workflow for effective collaborations between theorists and experimentalists. Panel on the right describes a proposed classification hierarchy of 
collaboration objectives, with specific examples, and in order of increasing complexity, labor, or resource requirements and contribution of knowledge to the field of 
battery development.
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simple example, a theory computation performed using a full-cell 
configuration should not be directly compared to a battery experi-
ment using a half cell configuration, and vice versa. On a similar 
note, if the theory calculations are performed at 25°C, then the bat-
tery cycling experiments should be carried out in a carefully con-
trolled temperature chamber, instead of being left in the laboratory 
at “room temperature.” As another case in point, if the battery ex-
periments involve the presence of a liquid electrolyte, then the the-
ory calculations should ideally incorporate the effects of electrolyte 
salt and solvent as well. In this respect, theorists and experimental-
ists should work together to design computations and experiments 
in tandem. It is therefore crucial to begin a collaboration by first 
identifying the unique strengths and limitations of each theoretical 
and experimental technique, recognize specific instances where em-
pirical data generated from a particular technique directly comple-
ment the computed results (or vice versa), and then incorporate 
complementary techniques into the planned workflow from the very 
start. One example is the use of nudged elastic band computations to 
calculate ion diffusion barriers within an electrode structure while 
performing the galvanostatic intermittent titration technique to de-
rive ion diffusion coefficients. Despite the diffusion barrier technical-
ly being a different physical parameter from the diffusion coefficient, 
correlating the observed trends can provide valuable insights to the 
system. Further nonexhaustive examples of such synergy are summa-
rized in tables S1 and S2. In addition, we outline several works from 
contemporary literature in table S3, outlining the authors’ objectives 
in performing their theoretical investigations, key experimental find-
ings, and their collective contributions to the field. We hope that 
these examples may serve to guide upcoming researchers in their 
experimental design, to better plan and structure theory-guided 
experimentation efforts.

Effective project management is a critical skill for scientists and 
is increasingly important in fostering fruitful collaborations as well. 
From the outset, collaborators should communicate clearly in terms 
of the project objectives, job scope, milestones, and deliverables. Be-
sides having a well-defined division of labor, unambiguous goals 
and timelines should also be set. The team should work toward an 
objective commonly agreed upon, which may range from achieving 
correlations between observation and prediction, progressively up 
to generalization and application of a unified idea across different 
material classes. Borrowing concepts from the taxonomy of learn-
ing objectives in education (122), we propose a modified classifica-
tion hierarchy to categorize collaboration objectives in order of 
increasing complexity, resource requirements, and knowledge con-
tribution to the field (Fig. 8, right) beginning with (i) understanding 
(e.g., identification of a structure-property relationship and its cor-
relation with computational data), (ii) application (e.g., finding and 
maximizing a desirable property in a material via iterative predic-
tion and validation), (iii) analysis (e.g., collection and restructuring 
of published information on predicted battery materials from exist-
ing databases such as The Materials Project to build intuition or 
to explain empirical observations), (iv) evaluation (e.g., assessment 
and improvement of prevailing concepts with revisions to any pre-
vious misconception), and (v) creation (e.g., generalization of idea 
and creation of a unified model or application of a general strategy 
across a large chemical space). Such classification levels could po-
tentially aid collaborators and their institutions in resource alloca-
tion and project management. In addition to early planning and 
goal setting, every team member will most likely have different levels 

of familiarity with one another’s expertise at the start. It is important 
to provide essential background information and explain the com-
putational and experimental methodologies that will be used. At the 
same time, it is also helpful to be open and frank about the limita-
tions and bottlenecks involved so that everyone is on the same page. 
For instance, a simple atomistic battery computation may take hours 
to days to complete on a supercomputer, whereas a long-term bat-
tery cycling experiment may take weeks to months. Being cogni-
zant of these differences will help in managing expectations and 
minimizing conflicts in the future. With rapid developments in bat-
tery materials today, research directions or deliverables may change 
in the course of a project, requiring a consensus on the collaboration 
objectives (Fig. 8). We believe that when changes and expectations 
are communicated with timeliness and sensitivity, every collabo-
ration has the chance to span one’s entire career.

Last, another key lesson is how to manage huge discrepancies be-
tween theoretical and experimental results. In practice, there are in-
herent limitations in terms of what computations and experiments 
can do; hence, it is often the case (and perfectly normal) that the 
theoretical and experimental results do not completely agree with 
each other. The limitations and challenges of theoretical calculations 
include errors in commonly used approximations, constraints in 
length and time scales, and lack of standardized datasets. For in-
stance, DFT calculations suffer from delocalization and static cor-
relation errors due to approximations in the exchange-correlation 
functional (123). Moreover, DFT methods are mainly limited to deal 
with small atomic systems (few hundreds of atoms) due to the ex-
pensive O(N3) scaling (124), while MD methods are also limited to 
short time scale (picosecond) simulations. Defining a generalized ML 
descriptor model for designing materials and experimental parame-
ters is also far from reality because the boundary conditions and crit-
ical parameters for a system are unique; the lack of standardized datasets 
in ML further hinders curation and predictability. Similarly, experi-
mental research also suffers from limitations, including the possibil-
ity of human error, lack of control over variables, and poor design of 
experiments. Researchers may misinterpret experimental findings due 
to a systematic bias toward positive findings. Poor control over ex-
traneous variables may also bias the results and make it difficult for 
other researchers to reproduce the study. If the theory-experiment 
discrepancy is too large, it is first important to identify obvious prob-
lems that could have arisen, such as errors in mathematical calcula-
tions or experimental data analysis, via a systematic process of 
elimination. This should be followed by an iterative process of refining 
the theoretical models (such as incorporating electrochemical poten-
tial and charge effects in battery calculations) and/or fine-tuning the 
experimental design (such as eliminating cognitive biases when per-
forming battery experiments). In some cases, the original hypothesis 
may need to be relooked at and revised. A common pitfall is jumping 
to conclusions that the theoretical and/or experimental data are out-
right wrong, which will sour the collaboration. This underscores the 
importance of having patience in working through the problems to-
gether and finding synergy between theory and experiment.

DISCUSSION
Batteries are highly complex and dynamical multicomponent sys-
tems, with a multitude of physical phenomena occurring simulta-
neously during charge and discharge. Here, we have shown specific 
examples of theory-guided experimental design in battery materials 
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research, and how this interplay between theory and experiment 
should take place in a feedback loop until the most promising bat-
tery materials have been developed and optimized. Such a theory- 
experiment framework can also be generalized regardless of the 
specific type of battery chemistry used, providing universal design 
principles to develop next-generation monovalent and multivalent 
batteries. Alongside the increasingly ubiquitous application of arti-
ficial intelligence, we envision that data-driven machine learning 
and high-throughput computations/experiments will be promising 
for accelerating battery materials design and discovery. To further 
scientific progress in batteries, it is critical to build offline and on-
line communities to facilitate robust discussions between theorists 
and experimentalists, especially given the urgent need to pursue a 
sustainable and green economic recovery in a post–COVID-19 
(coronavirus disease 2019) world (125). We believe that such con-
certed theoretical and experimental efforts will bring us closer to-
ward a more secure energy future.

SUPPLEMENTARY MATERIALS
Supplementary material for this article is available at https://science.org/doi/10.1126/
sciadv.abm2422
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