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ABSTRACT

Global energy demand is projected to grow 30% within the next three decades, driven primarily by population growth

and urbanization, leading to greater material needs in energy, and necessitates a new regime of accelerated research via a

fundamentally improved strategy. In this perspective, we examine traditional ceramic synthesis methods for high-throughput

synthesis and optimization, and highlight requirements and opportunities of synthesis routes for rapid alterations in the future.

Such a strategy relies on flexible direct liquid precursor-to-solid film methods rather than traditional, but slower, solid-state

methods. Application of computer-aided decision making takes in variables at all levels of fabrication and operates on both

material and device characteristics to initialize and optimize the search for higher-performance devices, not just narrow materials

optimization. Collectively, we provide a blueprint for accelerated ceramic materials and device improvements of next-generation

materials research targeting energy storage.

1 | Introduction

The projected 34% global energy demand rise over the next
30 years [1] requires an increase in renewables to replace
fossil fuels and reduce carbon footprints in energy supply and
material manufacture. Considering green energy supply solu-
tions, electrochemical energy storage is one option to buffer
the intermittent solar and wind supply. In particular, lithium-
ion batteries (LIBs) have shown remarkable promise to store
energy due to performance largely driven by material discov-
eries and cell integration. With deeper electric vehicle market
penetration and consumer demand, larger energy density and

fast charging are areas of active research, but are limited to
improve beyond the projected 489 Wh kg™! energy density
by 2030 by the carbon graphite anode capacity (372 mA h
g7! [2]) [3]. In the face of growing climate change, society
must orient research and development efforts to improving
energy storage beyond these limitations. Here, by exchanging
a classic LIB polymer separator with a solid-state lithium-
conducting electrolyte [4-6] allows for hybrid and solid-state
batteries to replace classic anodes with pure lithium metal anodes
(3860 mA h g™), thereby improving energy density by 30%
(~1000 Wh L™ compared to 770 Wh L™ [7, 8]). The scope of
this perspective is limited to lithium-conducting electrolytes, but
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FIGURE 1 | Historical development of selected solid electrolyte conductivities of lithium garnets (Li;La;Zr,0;,) and sulfides (LioGeP,S),,

LigPS5Cl). Advancements in conductivity for Li-garnets (pellets and tapes: red squares; films: green circles) were achieved first by dopant optimization

and then by processing optimizations. Li;oGeP,S;, (blue upward-facing triangles) shows substantially higher conductivity, improved by compositional

optimization, but suffers from low chemical stability. LigPS;Cl (purple downward-facing triangles) exhibits moderate conductivity similar to Li-garnet

pellets and tapes. Overall, it has taken several years of time and capital investment from the first prediction, discovery, and conductivity optimization to

thin-film processing of the reported electrolytes. References can be found in the Supporting Information S1. o, conductivity.

beyond-lithium technology can benefit from similar approaches
and strategies.

Traditional experimental strategies adjust material parameters
designed to lead to structure outcomes that result in materials
properties that in turn give rise to improved device-level perfor-
mance. Figure 1 displays the ambient-temperature conductivity
over time for selected established solid electrolytes for next
generation batteries, including the oxide Li-garnet (Li,La;Zr,0,,),
sulfide material classes represented by Li,,GeP,S,, (LGPS), and
LigPS;Cl (LPSCIl). The oxide Li-garnet is a particularly inter-
esting case study demonstrating the long path to achieving
high conductivity. Bulk LLZO studies from 2003-2011 mainly
focused on compositional optimization of the bulk, while a few
works reported both compositional and process tuning (e.g.,
first high temperature sintering >1000°C [9], first high energy
milling [10], first sol-gel synthesis [11]). From 2012 until now,
processing optimization of bulk and thin-film fabrication has
been the main focus with most studies selecting the Li;La;Zr,0,,
composition due to its high ionic conductivity. High conductiv-
ities (>1 mS cm™ at ambient) can be achieved by appropriate
dopant choice and high relative density. Solution-based synthe-
sis (e.g., sol-gel based), high temperature sintering >1000°C,
high energy milling, hot-pressing, or a combination of these
can improve the relative density and therefore increase total
conductivity. It is important to note that both optimized compo-
sition and processing (high density) are required for high total
conductivity.

Development has progressed in a slow manner, as shown in
Figure 1—either manually or autonomously—with few devia-
tions until now. Typically, the metrics of each step depend only
on the parameters of the preceding step, and rarely are earlier
variables are considered with respect to device performance. This
is an inherent problem in the solid-state electrolyte research
community and the field should adapt to using large data
models and high-throughput synthesis to more quickly advance
electrochemical device performance. Figure 2a,b shows that the
field of solid-state electrolytes and cathodes lacks the ability to
make films in the thickness range of approximately 1-10 pm and
there is still room to explore using rapid synthesis methods such
as those described herein.

Automation paradigms that have been successfully used in
battery research include: (i) combinatorial synthesis and high-
throughput screening densified electrolyte [12] and cathode [13]
films using X-ray diffraction, (ii) computational simulations
of battery component stability [14-18], and (iii) data mining
on Li-ceramic manufacture and solidification parameters [19],
(iv) machine learning (ML) analysis and prediction of Raman,
phonon, and electrochemical impedance spectra [20, 21], and cell
performance prediction [22-24]. More recently, an autonomous
lab was used to synthesize 41 novel materials via solid-state
processing methods [25]. Overall, ML-guided routes combined
with automation can overcome existing bottlenecks in solid-state
synthesis and mechanisms exploration. In this perspective article,
we focus on examining the options and suitability of altering
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FIGURE 2 | Selected examples of key SSB manufacturing methods and techniques and their automation potential. (a) Selected examples of ceramic

manufacturing of solid electrolytes for SSBs and their automation potential. LiPON (vacuum-based thin films, solid-state synthesized pellets), LLZO
(vacuum-based thin films, solution-based thin films, tapes, and pellets), LLTO (vacuum-based thin films, solution-based thin films, tapes, and pellets),
and LATP (vacuum-based thin films, solution-based thin films, tapes, and pellets). (b) Selected examples of ceramic manufacturing of solid cathodes
for SSBs and their automation potential. LCO (vacuum-based thin films, solution-based thin films, tapes, and pellets), LMO (vacuum-based thin films,
solution-based thin films, tapes, and pellets), LFP (vacuum-based thin films, solution-based thin films, tapes, and pellets), and NMC (vacuum-based thin
films, solution-based thin films, tapes, and pellets). The ‘unsintered’ tapes have been fabricated using commercially purchased and previously sintered
powders, and not subjected to the post-deposition sintering step after tape-casting. (c) Traditional autonomous experimental strategy showing that
solid-state synthesis is heavily relied on to synthesize new materials. d, Proposed new experimental strategy using wet-chemical synthesis to optimize
both material and device characteristics. Abbreviations: SSB, solid-state battery; LiPON, LiyPOyN,; LLZO, Li;La3Zr,0y,; LLTO, LiyLa;TiO3; LATP,
Li(ALTi),(PO,)s; LCO, LiCoO,; LMO, LiMn,0,; LFP, LiFePO,; NMC, Li(Ni,Mn,C0)O,.

the ceramic synthesis routes themselves for high throughput and
guided by ML. For instance, while autonomous high-throughput
synthesis can be promising for materials discovery, as seen in
Figure 2c, it often relies on solid-state synthesis for simplicity and
ability to incorporate a wide set of cations, but is fundamentally
expensive [26] and time consuming, necessitating examining
other methods. Furthermore, the integration of the solid com-
ponents into a battery remains indirect, as additional steps in

interface engineering and co-assembly of electrolytes with elec-
trodes remain and require attention. On the contrary, as shown
in Figure 2d, faster ceramic synthetic methods using direct liquid
precursor-to-solid film routes impart such a fundamental boost,
that a wide range of compositions can be quickly synthesized, but
often stoichiometries are more challenging to control. The liquid
precursor approach is less expensive and often comes with the
added benefit that device-level characteristics can be accounted
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for. Increasing the speed of synthesis improves the experimental
pipeline only to a point; coupling fast synthesis to efficient
characterization allows more rapid information gathering while
streamlining data collection. In brief, depending on the ceramic
synthesis route selected for high throughput, one may either opt
for tight stoichiometry control but at high cost and low screening
speed, or for looser stoichiometry control at lower costs and rapid
screening.

In this perspective, we propose a framework of considerations
to accelerate research and development of solid-state electrolytes
based on computationally determined initial compositions, high-
throughput synthesis methods, and increasing characterization
complexity, all combined with computer-aided decision mak-
ing design of experiments (DoE) or Bayesian optimization ML
approach [27, 28]. To date, ceramicists generally do not adequately
appreciate that solid-state synthesis routes are too slow to rapidly
tailor solid-state chemistry and densification protocols. In this
work, we highlight that direct liquid precursor-to-solid film
methods have disruptive potential for direct dense film deposition
to iterate quickly while avoiding classic sintering. Such methods
have untapped potential for automation due to low cost, easy
scale-up, simple equipment, and adaptable experimental proto-
col. Then, we assess chemical and structural characterization
techniques applicable to both materials and devices in terms
of data collection efficiency. This analysis and framework will
accelerate solid-state electrolyte developments and decrease the
time between new materials discoveries and device performance
optimization.

2 | High-Throughput Development of Ceramics
2.1 | Optimizing Ceramic Materials

By using a hierarchical approach, as demonstrated by the funnel
in Figure 3, fundamentally faster and more affordable meth-
ods are applied early in an experimental campaign, and more
elaborate and expensive techniques are reserved for the most
promising candidates later in the synthetic pipeline. By starting
with computationally determined initial compositions (above
the funnel in Figure 3a), researchers can choose a reasonable
starting point for their optimization of materials or the dis-
covery of new ones. Automated characterization guided by ML
data analysis will accelerate the speed of data processing and
increase the standardization of data analysis. Characterization
techniques can be divided into two categories: in-situ processing
validation and ex-situ structural/chemical characterization, as
shown in Figure 3a. In situ methods monitor the deposition
and formation process of ceramics, using high-speed cameras,
optical photography, and optical microscopy and verify that the
synthesized ceramics are dense to a first-order approximation.
High-speed cameras can analyze droplet radii during spray
pyrolysis or ink-jet printing. Optical imaging and microscopy
would analyze film morphology by detecting cracks, color varia-
tions, and other characteristic features of the deposition process.
These monitoring techniques can be automated by implementing
rather mature image recognition algorithms. Shown in Figure 3b,
ex-situ structural and chemical characterization tools such as
Raman spectroscopy, scanning electron microscopy, inductively
coupled plasma spectroscopy, and x-ray diffraction can analyze

the crystallographic structure and phase, microstructure, atomic
composition, and near-order vibrational arrangement. The goal
of this characterization is to assess key parameters that govern
the behavior of solid-state electrolytes, such as the degree of
lithiation, degree of crystallinity, crystal structure, dopant level,
and electronic structure. Raman and Fourier-transform infrared
(FTIR) spectroscopy probe the chemical structure and phases of
materials [29]. Both techniques can be easily automated and do
not require complex periphery equipment such as high-vacuum
chambers. Currently, spectra of new structures are relatively
expensive to compute and spectral databases are limited, making
the automated interpretation challenging [30]. However ML has
been used to recognize and analyze Raman spectra of Li-ion
battery electrodes [20] and for material identification in general
[31]. Raman spectroscopy is particularly adept at distinguishing
different ceramic phases in cases where x-ray diffraction (XRD)
cannot [32]. Shown in Figure 3c, the synthesized material can
be analyzed relative to calculated phonon spectra from Density
Functional Theory or molecular dynamics, and simple metrics
can be employed to compare them [33].

2.2 | Optimizing Devices

Once the material has been optimized, there is also the oppor-
tunity to increase the degree of complexity by incorporating
optimized materials into half or full electrochemical devices, like
a battery or fuel cell. Furthermore, an even higher degree of com-
plexity can be achieved by fabricating a multilayer structure by
performing sequential depositions on the substrate, that is, first
deposit the cathode layer, then the solid-state electrolyte layer,
then the anode layer. Additionally, each layer can be optimized
independently to achieve optimal density and phase, but also the
entire device stack can be optimized for the lowest interfacial
resistance. A high interfacial resistance typically originates from
a resistive interphase formed due to chemical mixing during
processing, for example, densification at elevated temperature,
see examples between layered cathodes (LCO [34], NMCs [35])
and oxide electrolytes (LLZO). To mitigate such incompatibilities,
thin interlayer coatings (for example, LiNbO;, LiTaO;, Li,ZrO;)
can be introduced to block cation interdiffusion and maintain
chemical potential balance at oxide—oxide interfaces [36]. Alter-
natively, compositional grading via co-deposition or sequential
decomposition synthesis can smooth interfacial reactivity and
reduce the formation of resistive interphases. Likewise, pro-
cessing conditions can be optimized for chemical compatibility
and microstructure at the interfaces. Electrochemical impedance
spectroscopy is typically used to detect any changes in chemical
composition and microstructure within sprayed cathode and
electrolyte bi-layer stacks and optimize the deposition conditions
of independent layers to achieve a low stack resistance or areal
specific resistance (ASR). For example, numerous half-cells can
be tested and filtered based on the target ASR of <40 Q cm?
[37]. Optimizing the entire device stack, including the interface,
could improve desired properties such as increasing resistance to
Li dendrite penetration and critical current density, given that
synthesis parameters can be adjusted to achieve the best device
performance, rather than simply the best layer performance.
Once the materials of a full multi-layered device are optimized
in terms of the chemical composition and structure, device-level
performance optimization can be conducted.
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stages: (a) optical validation of process, (b) chemical and structural characterization, and (c) ML-driven optimization and reinforcement learning of
structure-property relationships. Structure optimization involves obtaining pure desired material phase, maximizing grain size, minimizing thickness
and porosity of solid electrolyte, and maximizing the electrolytelcathode contact area. Property optimization involves minimizing interfacial ion diffusion
and area-specific resistance (ASR), maximizing Lit conduction/diffusion, while minimizing/maximizing e~ conductivity of an electrolyte/cathode,
respectively. (d) SSB performance characterization based on galvanostatic cycling and electrochemical impedance spectroscopy. Key electrochemical
performance metrics include open-circuit voltage (OCV), critical current density (CCD), reversible capacity, cycling lifetime, and the cell’s ASR.
(e) ML-driven optimization, based on active learning (optimal experimental design) of performance parameters and reinforcement learning of property-
performance relationships. Full SSB optimization involves maximization of OCV, reversible capacity, CCD, cycle life, and minimization of cell’s ASR.
Abbreviations: DFT, density functional theory; ML, machine learning; OCV, open-circuit voltage; CCD, critical current density; ASR, area-specific
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Device-specific electrochemical properties can also be optimized.
These include, in the case of batteries, critical current density
[38], area-specific resistance, coulombic efficiency, and capacity
retention [24], but other electrochemical parameters can also
be applied to fuel cells, capacitors, or other devices. Collecting
and analyzing these parameters is easy to automate, but can be
time-consuming to collect (e.g., device lifetime can take weeks
or months to determine), and so are better left for later in the
analytical pipeline, as indicated by their inclusion at the narrower
end of the funnel shown in Figure 3d.

Examples of device-level parameter optimization are chosen from
the battery field. The first electrochemical device characterization
is typically a measurement of the open-circuit voltage (OCV),
used to predict device lifetime and state of charge [39-42].
Algorithms have been used to predict device lifetime by analyzing
efficiency using initial cycling performance [23, 41, 43-46].
ML algorithms can minimize critical current density, minimize
area-specific resistance, increase capacity retention [24], and
maximize coulombic efficiency by tuning device parameters.
These various metrics can be combined (Figure 3e) to give an
overall impression of total device performance. One effective
method to evaluate aggregate performance is to calculate a
Pareto front that accounts for trade-offs between multiple, often
conflicting, objectives [47]. The output of such an optimization is
a Pareto set of solutions that give rise to the optimum performance
of, in this case, electrochemical devices.

We will now explore each of the separate aspects of ceramic mate-
rials and device optimization using Figure 3 as a guide. While
computational efforts include data mining, density functional
theory, and material libraries, we select data mining to explore
further in the next section.

3 | Enhancing Optimization Loops Through
Data-Guided Methods

3.1 | Inverse Materials Design and Optimization

In general, two complementary approaches can be distinguished
for data-driven materials optimization. First, one can directly
optimize a target property, for example, by maximizing ionic
conductivity in a solid-state battery electrolyte. Second, one
can pursue the experimental realization of a computationally
predicted candidate material, for example, a phase identified from
DFT-based databases such as the Materials Project [48], followed
by iterative refinement of synthesis conditions and structure to
converge toward the predicted compound. The former is guided
primarily by the measured performance metric, whereas the latter
is guided by agreement with a target structure and its associated
properties.

3.2 | Efficient Sample Space Exploration

Since both approaches require an optimization strategy to guide
the process, they rely on similar methods to guide the experi-
mental optimization. Rather than randomly sampling the design
space, established design-of-experiments (DoE) methods [49]
provide more principled sampling strategies, such as factorial

and space-filling designs, to efficiently explore the design space
and identify optimal regions. However, the major drawback of
such approaches is that the sampling pattern is determined
beforehand and will be fixed throughout the experiments. An
attractive alternative is to use Bayesian optimization (BO),
an adaptive sampling strategy that proposes new experiments
based on prior evaluations, enabling efficient exploration of the
campaign’s design space [50, 51]. Thereby, BO iteratively fits
a probabilistic surrogate model to the measured objective and
uses an acquisition function to select the next experiment by
trading off exploration of uncertain regions against exploitation
of promising conditions. For a more detailed discussion of BO,
please refer to Ref. [52].

Recently, BO has been widely used for the experimental design
of different applications that involve physical products and
processes, because of its high sample efficiency in exploring the
design space and discovering promising solutions. Erps et al. [53]
used BO to accelerate the discovery of 3D printing polymers with
optimal mechanical properties. BO is also gaining traction in the
battery community. For example, Attia et al. [46] used BO to
predict battery cell lifetime based on early cycle performance and
developed several charging protocols that assessed batteries in
just 16 days rather than the typical 500 days. Dave et al. [54] used
BO and an automated mixing apparatus to maximize 251 aqueous
electrolytes’ conductivity and stability window for large-scale
energy storage. Complementary to BO, literature-mining and
literature-informed models can support campaign initialization
by proposing plausible starting points and by constraining the
search space using prior reported knowledge.

3.3 | Literature Informed Models

Using BO loops for broad searches of chemical or process
design space displays a challenge due to temporal and cost
constraints stemming from real-world experimental necessities,
as well as the optimizer’s inherent limitations [55]. This
implies the inevitability of constraining the search space
investigated during BO a priori to the experiments. Commonly,
this narrowing is done by human researchers, pointing to
a smaller subregion of the larger unconstrained materials
space [56, 57]. Literature-informed machine learning models
can assist within this preliminary stage and help researchers
to select subspaces of promising experimental conditions
such as promising compositional candidates or synthesis
routes, thereby potentially accelerating BO convergence and
increasing sample efficiency [58, 59]. They can further be
augmented by DFT calculations regarding viable candidates
and materials properties [48]. By literature-informed models,
we refer to machine learning approaches, such as tree-based
methods and deep neural networks, that learn material-specific
synthesis conditions or properties from large-scale databases
[58-63]. Once trained, these models can propose suitable
precursors and synthesis conditions or compositional
regions for a given target material or desired property.
One area where this approach has gained momentum is
the development of synthesis databases, compiled in part
through community-driven curation and in part via systematic
extraction using automated natural language processing tools
[19, 59-61]. These databases span across synthesis reaction types
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and diverse material systems, listing processing steps, as well
as conditions, such as temperatures and sintering times [64].
Training machine learning models on these datasets enables
them to uncover synthesis-structure regularities that inform key
decisions, such as precursor selection [58, 65, 66].

We therefore envision a sample-space exploration strategy that
combines experimental feedback from the laboratory with prior
knowledge extracted from published synthesis and characteriza-
tion reports. Literature-informed models augment BO surrogates,
which are initialized without prior knowledge, by leveraging
large, heterogeneous datasets spanning diverse material systems.
However, literature-trained models on the other hand face persis-
tent challenges related to data sparsity, reporting bias, and noise
[58]. Published procedures often reuse a narrow set of conditions,
leaving other regions underrepresented, and unsuccessful exper-
iments are rarely reported, which skews training data toward
positive outcomes. Moreover, variation in experimental setups
and environmental conditions across laboratories introduces
substantial noise, leading to higher predictive uncertainty when
models are transferred to a new domain. In contrast, BO can
actively probe a constrained parameter space and adapt proposals
to a specific laboratory’s conditions through iterative experimen-
tation [56]. Thus, literature-informed models are particularly
valuable for transferring costly prior knowledge to new problems,
while BO provides a mechanism to refine conditions in situ, albeit
within a more limited search space [58, 67].

Below we briefly summarize common tasks and representative
recent approaches enabled by using literature-mined datasets.
Recent studies demonstrate that predicting synthesis properties
from literature-derived data is feasible when datasets contain tens
of thousands of entries spanning a broad materials space [19,
59, 62, 64]. Current databases encompass rich information, span-
ning from the ceramic synthesis route employed (e.g., solution,
sol-gel, or solid-state), to experimental parameter exploration
and exploitation, such as the chemical precursors and specific
processing actions [58-62]. These include mixing, sintering, or
drying, complemented by parameters such as duration and tem-
perature for each respective step. Thanks to recent advancements
in Natural Language Processing, datasets are expected to soon
offer even richer contextual details being extracted from experi-
mental publications, including multiple measured properties and
in-depth methodological specifics [68, 69]. This will facilitate
analyses at a larger scale, paving the way for even more com-
prehensive investigations. Models displayed in current research
are employed for tasks like synthesis method recommendations,
process parameter suggestions, and precursor recommendations
[19, 59, 62, 64]. In the process parameter suggestion category, the
model is given precursor and target compounds and asked to
predict suitable process parameters (e.g., sintering temperature
and time) [62]. While previous research primarily focused on
predicting specific discrete process parameter values, the recent
study by Karpovich et al. employs generative model-based meth-
ods, that consider the non-uniqueness of process parameters
by outputting a distribution of feasible process parameters [58,
70]. Non-uniqueness is exemplified by the fact that a range of
calcination temperatures might achieve a successful synthesis
reaction, rather than a single specific calcining temperature.
The researchers achieved this by modelling solid-state reaction
heating steps’ process parameter distributions using conditional

variational autoencoders (CVAE) [71]. Another task of recent
research interest is the suggestion of precursors. Kim et al.
constructed a dataset of about 51 000 synthesis actions, train-
ing a CVAE predicting precursors for target materials unseen
during training [60]. By excluding the most recent publications,
they demonstrate that their approach effectively models feasible
precursors.

Looking ahead, Bayesian optimization guided by laboratory
feedback and complemented by first-principles and literature-
informed approaches offers a promising route for accelerating
materials optimization. Particularly, employing them in a staged
combination might offer a more informed approach for the
definition of BO campaign boundaries. This, in turn, can enhance
sample efficiencies, resulting in fewer experiments needed to
achieve the desired synthesis outcome.

4 | Suitability of Ceramic Manufacturing
Methods for High-Throughput Synthesis

Continuing down the funnel of Figure 3, fundamentally faster
manufacturing methods are examined as alternatives to tradi-
tional ceramic processing in high-throughput research. First,
however, these traditional synthesis methods for ceramics are
themselves introduced, see [5] for more details. In brief, the
example of Li-oxide ceramic synthesis is illustrative and encom-
passes powder synthesis followed by densification: (i) ball milling
metallic salts, (i) compacting by hydraulic press, and (iii)
calcining (700-1000°C) under a specific atmosphere to yield
the desired product phase; (iv) if a dense body is desired, a
sintering step is added (>1000°C) to form a ceramic pellet or
tape. The many transfer steps, pressing, and relatively long times
at each step obviate traditional solid-state methods for high-
throughput ceramic processing, even if they can be automated.
An ideal synthesis technique for ceramic high throughput allows
control over the resulting product by changing chemistry, phase
and structure via synthesis parameters and creates solid bod-
ies or controlled nanostructures. Ideally, these can be directly
transferred as functional building blocks into devices. Vitally, it
has high feature precision, and favorable throughput parame-
ters like scalability, low cost, easy role-to-role integration, and
short processing time. Such techniques are discussed in this
chapter.

Alternatives to solid-state synthesis are shown in Table 1 and are
analyzed for their automation potential, requirement for sinter-
ing, and ease of film integration into electrochemical devices.
Wet chemical techniques have the highest throughput potential
because they easily accommodate a wide range of dopants (e.g.,
cations for Li-based metal oxides) and use a direct “one-step”
dense film deposition, evidenced by the example of sequential
decomposition synthesis [72] that bypasses the time-consuming
powder-to-pellet synthesis. Vacuum-based techniques have the
lowest throughput potential because they typically require batch
synthesis and have long synthesis times, as well as requiring
expensive specialized equipment. Some vacuum methods, like
pulsed laser deposition, even require pellet targets—fabricated
using solid-state synthesis—before thin films can be synthesized
[73]. Combinatorial PLD however can be useful for screen-
ing material libraries and often uses multiple targets to alter
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composition as a function of location [74], but integration into
electrochemical devices is challenging.

Clearly, direct liquid precursor-to-solid film wet-chemistry tech-
niques, such as sequential decomposition synthesis (SDS), dip-
coating, spin-coating, and inkjet printing, have the highest poten-
tial for automated rapid SSB oxide material fabrication due to low
cost, good control over complex chemistries, and the opportunity
for high-throughput experimentation. Other direct liquid-to-solid
precursors exist, and have been shown to achieve complex
honeycomb architectures; the discussion is limited here to easily
implementable methods [75]. However, several wet-chemical
techniques are relatively new in the ceramics field and require
exploration of their potential for use in high-throughput mate-
rials research. Four common wet-chemical processing methods,
sequential decomposition synthesis, dip coating, spin coating,
and inkjet printing, are compared considering their adaptability
for high-throughput synthesis in Figure 4, where we indicate
scalability, automation considerations, and general advantages
and disadvantages.

Sequential decomposition synthesis (Figure 4) is a direct liquid
precursor-to-solid film route based on classic spray pyrolysis
followed by low-temperature annealing to yield dense and crack-
free films without classic sintering [76]. For example, it has
been demonstrated to achieve a thick ceramic film (~10 pm) of
Li;La;Zr,0,, (LLZO) by annealing at only 750°C [72]. Here, a
precursor solution is atomized through a spray head or other
dispersion tool onto a heated substrate where the dissolved pre-
cursor salts decompose via multiple pyrolysis reactions directly
into a dense film at various rates (e.g. ~10 um h™). The film
microstructure (thickness, grain size, and porosity) can be tuned
by controlling the spray solution composition, injection rate of
solution into the spray head, dispensed volume, and deposition
temperature [77]. Its potential for high throughput is strong
because multiple precursor solutions can be simultaneously
injected into the spray head to rapidly adjust film stoichiometries.
Besides, semi-automation of the following components has been
achieved in the past: (i) solution flow rate and dispensed volume
control via programmable syringe pumps [78], (ii) spray head x-
y movement control [79], and (iii) digital temperature control
[80]. Automated spraying of solutions has been achieved in the
automotive industry and, as such, we judge this technique to
be the most promising synthetic method for high-throughput
experimental campaigns.

Dip-coating (Figure 4) is based on sol-gel chemistry [81] where
a substrate is immersed in a precursor solution and then
withdrawn under controlled conditions [82] at a chosen rate
(e.g., 10 ym h™) [83]. The coating thickness is defined by the
withdrawal speed, precursor concentration, and viscosity [81].
Sequential dip-coating units that automatically cycle between
multiple dipping solutions [84, 85], and combinatorial dip-coating
with a continuous or stepped film thickness gradient have been
achieved [86, 87]. Dip coating requires inexpensive equipment
and deposits films on the order of minutes, but offers little control
over layer thickness feature precision. Automated dip coating has
been used to make sensors and solid oxide fuel cell layers and
has successfully became a standard in the biomedical industry for
sterile coatings. This method has been used to fabricate Li-garnet
solid-state electrolytes [88].
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Spin coating (Figure 4) is similar to dip coating in that it is also
based on sol-gel chemistry, where the film is deposited through
precipitation of a precursor solution onto a rotating substrate
[81]. Key parameters for this technique include controlling film
morphology and thickness by control of the angular velocity
of the substrate, viscosity of precursor, and deposition time
[89] of ~1 um h7! [90]. Spin coating has similar advantages
and drawbacks to dip coating [91]. Spin coating is relatively
autonomously mature and sees regular use in the semiconductor
industry using 300 mm wafers to deposit polymer films. This
method has been proposed for oxide solid-state electrolytes in
batteries [92].

Ink-jet printing (Figure 4) is accomplished by voltage-controlled
piezoelectric actuators expelling small droplets of ink from a
well onto a substrate, followed by solvent evaporation and,
potentially, annealing. Parameters that influence morphology are
similar to those for spray pyrolysis-based techniques. Solution
compatibility is a limiting factor: droplet size must be in the
range of 10-100 pL [93], which varies with ink density, surface
tension, and viscosity [94, 95]. Ink-jet printing offers ease of
full device integration, scalability, good feature resolution [96],
and high deposition speed [97-99]; however equipment can be
relatively costly. Previously, automated printing of ceramic parts
has been achieved for alumina materials [100], and mounting
the printing head on a an x-y movable stage enabled printing

on large areas [101]. This technique is industrially relevant as
demonstrated by home and office printers. To the best of our
knowledge, this method has not been used to make materials for
batteries.

Current limitations of direct liquid precursor-to-solid film meth-
ods include (i) precursor solution determination, (ii) the complex-
ity of multi-cation reactions, and (ii) a large design space, where
many processing parameters influence resulting films. Precursor
solutions must be crafted using metallic salts that have high
solubility in organic solvents, and the aggregate boiling point
must be low enough to be readily achievable at the lab bench-
top. Parameter cross-coupling often leads to time-consuming
exploration and difficulty in correlating processing-structure-
property-performance relationships. Most oxide-based solid-state
electrolytes are composed of at least two to four cations, and
specific phases are required to ensure fast Li-ion conductivity.
For example, for the deposition of Li-garnet (LLZO), multiple
metal salt decomposition temperatures need to be coordinated
with selection of solvents’ respective boiling points, directed
to achieve low deposition temperatures to control synthesis
reactions and phase formations [102-104]. Another challenge is
the drying and densification of the film, achieving a crack-free
oxide film formation during chemical decomposition or pyrol-
ysis reaction at deposition and post-annealing conditions [105],
further complicated by a large variety of possible Li salts with
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a wide range of thermal decomposition temperatures between
100-550°C. Densification is further impeded by an amorphous
to polycrystalline phase transition and large resulting volume
loss, leading to high stresses in the film. While these drawbacks
are worth mentioning, it is possible to overcome them using the
methods discussed in Section 3.1. Direct liquid precursor-to-solid
film methods have the greatest potential for high-throughput
experimental campaigns because they are faster in deposition and
more easily automated, while allowing for rapid screening of high
cation numbers than via solid-state synthesis.

5 | Perspective on Challenges and Advantages in
High-Throughput Synthesis of Ceramic Materials

Typical deep learning uses at least tens of thousands of data points
and even scales to millions or billions, depending on the applica-
tion scenario; in contrast, ceramics fabrication produces samples
several orders of magnitude slower, even when high-throughput
synthesis methods are employed, thus requiring sophisticated
computer-guided sample selection. In comparison to materials
research, the pharmaceutical industry has been developing high-
throughput systems for nearly 40 years because its products
have a higher market value. For example, Ozempic earned
Novo Nordisk 26 billion USD in 2024 [106]. In practice, phar-
maceutical companies are willing to invest in high-throughput
endeavors, whereas investment in ceramic material optimization
and discovery is usually reserved for the capital required in
companies to scale up components for device manufacturing,
and its potential is not really achieved [107]. On the other
hand, the renewable energy storage and conversion field, like
the pharmaceutical industry before it, can benefit from high-
throughput strategies to accelerate optimization, exploration,
and exploitation of new materials. Through this work, we raise
awareness that traditional ceramic synthesis must be re-examined
using methods that are well-suited for high throughput, even
if the methods being replaced are current industrial standards.
For instance, the current ceramics research pipeline of mixing
powders, calcining, pressing, and sintering to achieve a pellet
or a tape is too slow and is unfit to realize the technological
innovations by the time that industry and society requires them.
Furthermore, using computer-aided decision making, the entire
design space does not need to be explored and can instead be
selectively sampled for new ceramic compounds, assisted by a
smart high-throughput synthesis route of ceramic chemistries
and compounds. This optimization saves resources, time, and
effort and is one that the ceramics field should employ more
frequently.

To make this shift, the most cost-effective and rapid synthesis
methods should be used for ceramic components that allow
changing chemistries and densification strategies at various
levels. This regime change shifts away from past research goals
of simple “cook and look” strategies aimed at narrow research
questions or scale up to larger quantities of components by
powder making and sintering. Specifically, we posit that direct
liquid precursor-to-solid film methods are the most appropriate
to be scaled up due to the film’s inherent density and opportunity
to synthesize complex phases incorporating several cations. In
addition, high-information density characterization methods can
increase the speed of material and device development. Finally,

the precursor solutions can be readily adjusted to tailor the
chemistry of the deposited film including precursor salt concen-
tration, precursor identity, solvent identity, and stoichiometry.
Concerning the battery industry, we see opportunities to rapidly
discover novel electrolyte and electrode chemistries as well as to
improve their industrial utility. The framework proposed here can
lead to a new era of materials research just in time for a society
that needs it.
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