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Efficient synthesis recipes are needed to streamline the manufacturing
of complex materials and to accelerate the realization of theoretically

predicted materials. Often, the solid-state synthesis of multicomponent
oxides isimpeded by undesired by-product phases, which can kinetically
trap reactionsin anincomplete non-equilibrium state. Here we reporta
thermodynamic strategy to navigate high-dimensional phase diagramsin
search of precursors that circumvent low-energy, competing by-products,
while maximizing the reaction energy to drive fast phase transformation
kinetics. Using a robotic inorganic materials synthesis laboratory, we
performalarge-scale experimental validation of our precursor selection
principles. For aset of 35 target quaternary oxides, with chemistries
representative of intercalation battery cathodes and solid-state electrolytes,
our robot performs 224 reactions spanning 27 elements with 28 unique
precursors, operated by 1 human experimentalist. Our predicted precursors
frequently yield target materials with higher phase purity than traditional
precursors. Robotic laboratories offer an exciting platform for data-driven
experimental synthesis science, from which we can develop fundamental

insights to guide both human and robotic chemists.

There is currently a poor scientific understanding of how to design
effective and efficient synthesis recipes to target inorganic materials'>.
Asaresult, synthesis oftenbecomes abottleneckin the scalable manu-
facturing of functional materials®, as well as in the laboratory realization
of computationally predicted materials**. Density functional theory
(DFT)-calculated thermodynamic stability or metastability can often
estimate the synthesizability of materials’’, but finding an optimal
synthesis recipe—including temperatures, times and precursors—still
requires extensive trial-and-error experimentation. The recent emer-
gence of robotic laboratories'*™ presents an exciting opportunity for
high-throughput experiments and sequential learning algorithms
to autonomously optimize materials synthesis recipes' . However,
there remains a poor fundamental understanding of how changing a
synthesis recipe affects the underlying thermodynamics and kinetics
ofasolid-state reaction. Without this scientific foundation, itis difficult

to build physics-informed synthesis-planning algorithms to guide
robotic laboratories™*, meaning that parameter optimization via
high-throughput experiments canend up being unnecessarily resource
intensive and wasteful.

Multicomponent oxides represent an important and challeng-
ing space for targeted synthesis. These high-component materials
are key to various device technologies—including battery cathodes
(Li(Co,Mn,Ni)0O,), oxygen evolution catalysts (Bi,Sr,Ca,_;Cu,0,,.4:1),
high-temperature superconductors (HgBa,Ca,Cu,0;) and solid-oxide
fuel cells (La,;SrCr,Mn,0,,)**. Multicomponent oxides are usually syn-
thesized by solid-state reactions, whichinvolves combining and firing
the constituent binary oxide precursors in a furnace. However, this
often yields impurity by-product phases arising from incomplete
solid-state reactions. From a phase diagram perspective, precursors
startatthe corners of aphase diagram and combine together towards a
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target phasein theinterior of the phase diagram. If the phase diagramis
complicated, with many competing phases between the precursorsand
the target, undesired phases may form, consuming thermodynamic
driving force and kinetically trapping the reaction in an incomplete
non-equilibrium state.

High-component oxides reside in high-dimensional phase dia-
grams and can be synthesized from many possible precursor combi-
nations. Here we present athermodynamic strategy to navigate these
multidimensional phase diagrams, where the primary objective is to
identify precursor compositions that circumvent kinetically competi-
tive by-products, while maximizing the thermodynamic driving force
for fast reaction kinetics. We test our principles of precursor selec-
tion using a robotic inorganic materials synthesis laboratory, which
automates many tedious aspects of the inorganic materials synthesis
workflow such as powder precursor preparation, ball milling, oven fir-
ing and X-ray characterization of reaction products. With our robotic
platform, a single human experimentalist can conduct powder inor-
ganic materials synthesis inboth a high-throughput and reproducible
manner. Using a diverse target set of 35 quaternary Li-, Na- and K-based
oxides, phosphates and borates, which are relevant chemistries for
intercalation battery cathodes®?® and solid-state electrolytes”, we
show that precursors identified by our thermodynamic strategy fre-
quently outperform traditional precursors in synthesizing high-purity
multicomponent oxides. Our work demonstrates the utility of robotic
laboratories not only for automated materials synthesis and manufac-
turing, but also as a platform for large-scale hypothesis validation over
abroad and diverse chemical space.

Principles of precursor selection

Recently, we showed that solid-state reactions between three or more
precursors initiate at the interfaces between only two precursors ata
time?®. The first pair of precursors to react will usually form an inter-
mediate by-product, which can consume much of the total reaction
energy and leave insufficient driving force to complete a reaction®.
Figure lillustrates this multistep reaction progression for an example
target compound, LiBaBO,, whose simple oxide precursors are B,0,,
BaOandLi,CO,. Because Li,CO, decomposes to Li,O upon heating, we
can examine the competing chemical reactions®® geometrically on a
pseudo-ternary Li,0-B,0,-BaO convex hull. Although the overall reac-
tion energy for Li,O + BaO + B,0; > LiBaBO, is large at AE = -336 meV
per atom, there are many low-energy ternary phases along the binary
slices Li,0-B,0; (Fig. 1b, blue) and BaO-B,0, (Fig. 1b, green). In the
initial pairwise reactions between Li,O + BaO + B,0,, we anticipate that
stableternary Li-B-0O and Ba-B-0 oxides, such as Li;BO;, Ba;(BO;), or
others, will formrapidly due to large thermodynamic driving forces of
AE=-300 meV peratom. Should these low-energy intermediates form,
the ensuing reaction energies to the target product become miniscule,
for example, Li;BO; + Ba;(BO;), > LiBaBO; has only AE = -22 meV per
atom (Fig. 1e, orange). (Note: one advantage of analysing reactions on
convex hullsis that stoichiometric reactions are automatically balanced
by thebarycentric coordinates of the product relative toits precursors.
For brevity, we do not balance reactions explicitly in this manuscript,
but we do emphasize that all reaction energies are normalized per
atom of product phase.)

Instead of allowing the reactions to proceed between the three
precursors all at once, we suggest initially synthesizing LiBO,, which
canserveasahigh-energy starting precursor for the reaction. Figure 1g
(purple) shows that LiBaBO, can be formed directly in the pairwise
reaction LiBO, + BaO - LiBaBO, with a substantial reaction energy
of AE=-192 meV per atom. Moreover, along this reaction isopleth,
there is a low likelihood of forming impurity phases, as the compet-
ingkink of LisB,0, + Ba,Li(BO,); has relatively small formation energy
(AE=-55meV peratom) compared to LiBaBO,. Finally, theinverse hull
energy of LiBaBO,, which we define as the energy below the neighbour-
ing stable phases on the convex hull®, is substantial at AE;,, = -153 meV

per atom, suggesting that the selectivity of the target LiBaBO, phase
should be much greater than any potential impurity by-products along
the LiBO,-BaOslice.

Figure 1i compares the energy progression between these two
precursor pathways. Although both pathways share the same total
reaction energy, synthesizing LiBaBO; from three precursorsis likely to
first produce low-energy ternary oxide intermediates (Fig. 1a), leaving
littlereaction energy to drive the reaction kinetics to the target phase®.
By first synthesizing a high-energy intermediate (LiBO,), we retain a
large fraction of overall reaction energy for the last step of the reac-
tion, promoting the rapid and efficient synthesis of the target phase.
We confirm this hypothesis experimentally (Fig. 1j), where we find that
solid-state synthesis of LiBaBO, from the traditional precursors Li,CO,,
B,0;and BaO does not result in strong X-ray diffraction signals of the
target phase, whereas LiBO, + BaO produces LiBaBO, with high phase
purity (Methods).

Fromthisinstructive LiBaBO, example, we propose five principles
to select effective precursors from a multicomponent convex hull.
(1) Reactions should initiate between only two precursors if possible,
minimizing the chances of simultaneous pairwise reactions between
three or more precursors. (2) Precursors should be relatively high
energy (unstable), maximizing the thermodynamic driving force and
thereby the reaction kinetics to the target phase. (3) The target mate-
rial should be the deepest pointin the reaction convex hull, such that
the thermodynamic driving force for nucleating the target phase is
greater thanall its competing phases. (4) The composition slice formed
between the two precursors should intersect as few other competing
phases as possible, minimizing the opportunity to form undesired
reaction by-products. (5) If by-product phases are unavoidable, the
target phase should have arelatively large inverse hull energy—in other
words, the target phase should be substantially lower in energy than
its neighbouring stable phases in composition space.

When there were multiple precursor pairs that could be used to
synthesize the target compound, we ranked the ‘best’ precursor pair
by first prioritizing principle 3, where the target compound was at the
deepest point of the convex hull. This ensures that the thermodynamic
drivingforce for nucleation of the target compoundis greater than the
driving forces to all other competing phases. We next prioritized prin-
ciple 5, wherethe target compound has thelargestinverse hull energy.
Areactionhavingalargeinverse hull energy supersedes principle 2, as
alargereactiondriving forceis not asufficient criterion for synthesis,
for example, in Fig. 2b, where the magnitude of the driving force of
Li,O +Zn,P,0, »> LiZnPO, is large but selectivity may be weak compared
toZnO + Li;PO,. Alargeinverse hull energy also supersedes principle 4,
as alargeinverse hull energy means that, even if intermediate phases
form, there would stillbe alarge driving force forasecondary reaction
to formthe target compound.

In Fig. 2, we interpret these precursor design principles for an
example LiZnPO, target in the pseudo-ternary Li,O-P,05s-ZnO phase
diagram. If we first synthesize Zn,P,0, to combine with Li,O (Fig. 2a,b,
blue), the deepest point in the reaction convex hull is not LiZnPO, but
rather ZnO + Li,PO,, suggesting a kinetic propensity to form these unde-
sired by-products. If we start fromZn,(PO,), + Li;PO, (Fig.2c,d, orange),
LiZnPO,islocated at the deepest point along the convex hull; however,
Li;PO, is alow-energy starting precursor, meaning that thereis a small
driving force (AE =-40 meV per atom) left to form LiZnPO,, which
probably leads to slow reaction kinetics. We suggest that LiPO; + ZnO
(Fig. 2e,f, purple) are the ideal precursors for LiZnPO,. LiPO; has a
relatively high energy along the Li,0-P,0; binary hull, resulting in
alarge driving force to the target phase of AE=-106 meV per atom.
Additionally, there are no competing phases along the LiPO, + ZnO
slice, minimizing the possibility of impurity by-product phases.

In Supplementary Note 1.2, we further interpret our precursor
selection principles from the dual perspective of chemical potential
diagrams, and interpret the inverse hull energy with respect to the
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Fig.1| Comparison between the traditional reaction (Li,O, B,0,and BaO)
process and our designed reaction (LiBO, and BaO) process for LiBaBO,.

a-e, The traditional reaction. f-h, The predicted reaction. Schematic of the
pairwise reactions process for traditional recipes (a) and our predicted recipes
(f), showing the phase evolution from precursors to the target. In pseudo-ternary
Li,0-B,0,;-Ba0 convex hulls, reaction convex hulls between precursor pairs
areillustrated by coloured slices, for B,O;|Li,O (blue) and B,0,|BaO (green)

(b), Li;BO;|Bas(BO,), (orange) (d), LiBO,|BaO (purple) (g). The corresponding

two-dimensional slices of the binary reaction convex hulls are B,0,|Li,O (blue)
and B,0,|Ba0 (green) (c), Li;BO;|Ba,;(BO;), (orange) (e), LiBO,|BaO (purple) (h),
where grey arrows show the reaction energy of the corresponding reaction.

i, Freeenergy changein areaction progress, where arelatively high-energy
intermediate state saves more energy for the final step in forming the target.

Jj, X-ray diffraction of the solid-state synthesis of LiBaBO,, where red and blue
curves are raw X-ray diffraction data for traditional and predicted precursors,
respectively, and the black curve s the fit produced by the Rietveld refinement.

‘chemical potential distance’, as proposed by Todd et al.*>. Here, we
chose a convex hullapproach, since it graphically constrains stoichio-
metrically balanced pairwise reactions better than chemical potential
diagrams. Additionally, in Supplementary Note 1.3, we show that our
predicted precursors generally differ from those predicted by the
algorithms of McDermott et al.>® and Aykol et al.*>. Although all our
works share the same goal of predicting inorganic synthesis recipes,
the five principles that guide our precursor selection algorithm are
based on our recent insights into the importance of pairwise
reactions®*, which was not considered in the PIRO algorithm by Aykol
ti:t al. PIBO therefore predlicts the optimal precursors for BaLiBO,tobe
3 Ba+; Ba(BO,), + Li +o 0, > BaLiBO;, which probably proceeds
throughintermediates inthis multiprecursor reaction. Our approach

of maximizing driving force also differs slightly from the cost function
of McDermott et al., whose ideal predicted reaction is : Ba,;(BO,), + 1
Li;BO; > BaLiBO,, which, asdiscussed earlier, has a small3driving force.
As deeper fundamental understanding of solid-state reactions is
achieved, we anticipate that new principles will need to be developed
andincludedin our algorithms for the overarching ambition of predic-
tive solid-state synthesis.

Validation with arobotic ceramic synthesis
laboratory

To test our precursor selection hypotheses, we designed alarge-scale
experimental validation effort based on quaternary Li-, Na- and K-based
oxides, phosphates and borates, which are representative chemistries
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Fig.2| Comparison of three pairwise reactions for the synthesis of LiZnPO,,
on the pseudo-ternary Li,0-P,0,-ZnO convex hull. a,c.e, The blue, red
and purple slice planes correspond to Zn,P,0, + Li,O (a), Zn,(PO,), + Li;PO,

(c) and LiPO; + ZnO (e) binary reaction convex hulls, respectively. b,d,f, The
corresponding two-dimensional slices of reaction convex hulls are shown for
Zn,P,0, +Li,0 (b), Zn,(PO,), *+ Li;PO, (d) and LiPO; + ZnO (f).

for intercalation battery materials***°, We surveyed the Materials
Project® for all known quaternary compoundsin this space, and then
we used our selection principles to predict optimal precursors fromthe
DFT-calculated convex hulls. The algorithms to identify these precur-
sorsare detailed in Supplementary Note 1. We also determine the tradi-
tional precursors for these reactions, which we previously text-mined
fromthe solid-state synthesis literature®. A full list of 3,104 reactions in
thisspaceis providedin Supplementary Data 1. To efficiently maximize
the coverage of our experimental validation, we Pareto-optimized our
reaction list to select the fewest number of precursors that maximize
the number of candidate reactions, resulting in 28 unique precursors
for 35 target materials that span 27 elements.

Wethen compare the phase purity of target materials synthesized
from our predicted precursors versus that from traditional precur-
sors. We perform this large-scale validation effort using a robotic
inorganic materials synthesis laboratory named ASTRAL (Automated
Synthesis Testing and Research Augmentation Lab), located at the
Samsung Advanced Institute of Technology, Cambridge, Massa-
chusetts. Asshownin Fig.3, ASTRAL uses arobotic arm to automate
sample handling throughout a full ceramic synthesis workflow—from
powder precursor preparation to ball milling, to oven firing and to
X-ray characterization of reaction products. Videos of the robotic
laboratory in action can be viewed in Supplementary Videos 1-4.
Three trays of 24 samples can pass sequentially through the ASTRAL
workflow every 72 hours. The throughput of ASTRAL is bottlenecked
by powder dispensing and processing, as each 24-sample tray is pre-
pared serially, whereas the firing and characterization steps can, in
principle, be runin parallel.

ASTRAL automates inorganic materials synthesis from powder
precursors, as opposed to previous robotic laboratories that rely on

solution-based precursors™® %, inkjet printing'® or combinatorial

thin-filmdeposition'*. Althoughit s easier to dose precursor concen-
trations using these other methods, the resulting products are typically
only produced at milligram scale. Powder synthesis, on the other hand,
canyield grams of material, whichis needed to create ceramic pellets
or electrodes for functional property characterization. Moreover,
high-temperature powder synthesis is the primary synthesis method
of ceramic oxides, sorecipes determined from ASTRAL canbe upscaled
forindustrial manufacturing. We overcame major practical challenges
in powder precursor processing, which arise primarily from flowability
differences between different powders due to varying particle sizes,
hardness, hygroscopicity and compaction. In Supplementary Table1,
we summarize the challenges in working with powder precursors, as
wellas our solutions to these challenges. The essential task is toidentify
the best dosing head for each precursor, as detailed in Supplementary
Table 2 for the precursors used here.

Intotal, we conducted 224 synthesis reactions over 35 target mate-
rials, calcined at temperatures from 600 to 1,000 °C. Eachreaction was
conducted for 8 hours, and thenimpurity by-products were assessed,
without regrinding or reannealing our samples. We deliberately chose
these relatively short reaction times to evaluate the intrinsic reactivity
of the two competing sets of precursors.

Foratargetspacethis diverse, traditional validation of our precur-
sor selection principles would probably have required an extensive
experimental effort, consisting of multiple human experimentalists
working over many years. Once the robotic laboratory is set up, we
can comprehensively survey this broad crystal chemistry spacein a
single experimental campaign (Fig. 3c). Moreover, alarge-scale human
effort willinevitably require trade-offs between throughput and repro-
ducibility. Meanwhile, a robotic laboratory produces single-source
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synthesis hypotheses over a broad chemical space, which normally would have to
be undertaken by multiple experimentalist groups. d, Human experimentalists
have a trade-off between throughput and reproducibility, whereas robotic
chemists can achieve both high reproducibility and throughput simultaneously.

experimental datawith high reproducibility, meaning we can systemati-
cally compare synthesis results while minimizing human variability and
error (Fig.3d). Altogether, the robotic laboratory offers anew platform
for data-driven empirical synthesis science, where hypotheses can be
investigated rapidly, reproducibly and comprehensively over diverse
crystal chemistries.

Results and discussion

For the 35 materials selected, Fig. 4a shows the relative yield of the
target phase starting from computationally designed versus traditional
precursors. Figure 4b shows the reaction temperatures attempted
and Fig. 4c shows the relative performance of the predicted versus
traditional precursors. A full list of targets, precursors and reaction
resultsisgivenin Supplementary Table 3. For 32 out of 35 compounds
(91%), the predicted precursors successfully produced the target phase.
In15 targets, the predicted precursors achieved at least 20% higher
phase purity than the traditional precursors (green), and 6 of these 15
target materials could ‘only’ be synthesized by the predicted precursors
(darkgreen).Forl6reactions the precursors have similar target yields
(light green), and only in 4 systems do the traditional precursors per-
formbetter thanthe predicted precursors (red). However, we note that
eveninthesefour systems, the predicted precursors also produce the
target materials with moderate to high purities.

We also examined the robotic solid-state synthesis of four meta-
stable compounds with mild energies above the convex hull’—LiNbWO,
(10 meV per atom), LiZnBO, (8 meV per atom), KTiNbO; (1 meV per
atom) and Li,Y,(BO,); (39 meV per atom), indicated by blue asterisks
inFig. 4. These metastable compounds formedin our solid-state reac-
tions, although generally with low phase purity. However, we still found
that our predicted precursors would yield these target metastable
phases with similar or better relative purity than when starting from
traditional precursors (Supplementary Note 3.2). Recent work by

Zengetal. suggests that by tuning the thermodynamic driving forces
from the precursors, it may be possible to selectively form desired
stable or metastable phases on the basis of their calculated nucleation
barriers®. Finally, in three systems, neither sets of precursors resulted
in the target material, which for NaBSiO, was due to glass formation’®,
for Li,V,(PO,); a more reducing atmosphere was needed® and for
NaBaBO; the published reaction temperature*® was very precise at
790 °C, suggesting that perhaps a rounded number, such as 800 °C,
may betoo high. As discussed furtherin Supplementary Note 3.4, these
potential failure modes representimportant considerations in future
robotic laboratory design for solid-state synthesis.

Figure 4c shows that our predicted precursors tend to synthesize
target materials with higher purity than traditional simple oxide pre-
cursors. Many of our predicted ternary oxide precursors are unusual,
suchasLiPO;, LiBO,and LiNbO, (see more in Supplementary Table 3),
as these precursors do not appear from our previously text-mined
database of 19,488 solid-state synthesis recipes*. Machine-learning
algorithms for synthesis prediction trained on literature datasets
would therefore be unlikely to predict our suggested precursors here.
This highlights the limitations of machine-learning algorithmsin pre-
dicting new opportunities in synthesis parameter space, outside the
constraints of our anthropogenic biases in chemical reaction data?*,

Our results show that the success of areaction was not correlated
tothecrystal structure or chemistry of the target material; rather, it was
primarily determined by the geometry of the underlying convex hull,
as well as by the magnitude of the thermodynamic driving force. The
success of our precursor selection principles is surprising, considering
we evaluate precursor selection using only the DFT-calculated convex
hull, which does not account for temperature-dependent effects, such
as vibrational entropy or oxide decomposition, neglects kinetic con-
siderations, such as diffusion rates and nucleation barriers®, and has
known errors in DFT-calculated formation energies®.
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Fig. 4| Robotic synthesis results of target materials from traditional versus
predicted precursors. a, Table of the phase purity of 35 targets obtained

from predicted precursors using the highest phase purity from various firing
temperatures, compared to traditional precursors. Colour of ‘Precursor
comparison’ column compares purity from predicted precursors versus
traditional precursors, where green means predicted precursors achieve >10%
better purity, light green means they have purities within +10% and red means
traditional precursors achieve >10% better purity. Targets with blue colour
star are metastable materials. The same colour schemeis used in panels b-d.
b, Heat map of phase purity of predicted precursors at different calcination

Inverse hull energy (eV per atom)

temperatures. ¢, The target phase purity from predicted precursors versus
traditional precursors. Phase purity methods in Supplementary Note 2.2.3.

d, Reaction energies and inverse hull energies for all targets. The marker shape
corresponds to the best phase purity of predicted precursors, where diamonds
are high purity, circles are moderate and low purity, and crosses with ared outline
mean that both predicted precursors and traditional precursors failed. The

red box represents the low thermodynamic driving force regions where kinetic
process may be rate limiting. The dashed line represents when the inverse hull
energy equals the reaction energy. Inset, convex hullillustrating the reaction
energy and the inverse hull energy.
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Here we rationalize with order-of-magnitude energy arguments
why, despite many simplifying assumptions, the DFT-calculated ther-
modynamic convex hull retains predictive power inidentifying effec-
tive precursors. First, entropic contributions (TAS; T is temperature
and S is entropy) can generally be neglected because the free energy
change AG of an oxide synthesis reaction is usually dominated by the
changein enthalpy AH contribution, rather thanthe TAS contribution.
Supplementary Fig. 16 compiles a list of 100 experimental ternary
oxide reaction energies, and shows that at 1,000 K the magnitude of
|AG] for reactions is ~200 meV per atom, whereas the |TAS| contribu-
tionisonly~15 meV per atom. In 60% of the reactions, | TAS|/|AG| <10%,
exceptincases where |[AG| <100 meV per atom, in which case TAS can
be comparable in magnitude to AH. We validate these arguments in
Supplementary Fig.17, showing that temperature-dependent free ener-
giesare negligibly different from reaction enthalpies**. The dominance
of AH over TAS in oxide synthesis reactions is due to the irreversible
exothermic nature of reactions of the form A + B > AB; as opposed to
first-order phase transitions, such as melting, or polymorphic transfor-
mations, where AH = TAS. Thisassumption relies on both the reactants
and products being solid phases—for reactions that evolve gases, the
reaction entropy is approximately AS=1eV per atom per 1,000 K;
meaning that higher temperature largely favours the reactiondirection
with more moles of gas.

Second, ternary convex hulls are often skewed such that certain
hulldirections are much deeper than others, such as the Li,0-B,0;and
BaO-B,0; directionsillustrated on the Li,0-BaO-B,0; convex hull in
Fig. 1 (more examples can be found in Supplementary Note 3). On a
high-dimensional phase diagram, there are many combinations of pre-
cursor pairsthat canslice through atarget phase. Even an approximate
convex hull, with systematic DFT formation energy errors of 25 meV per
atom (refs. 8,42), canlargely capture the relative depths of the convex
hullinvarious compositional directions, as well as the complexity of the
hullarising from competing phases. Importantly, DFT is well poised to
capturethe very stable phases, which are low-energy thermodynamic
sinks to be avoided when designing the reaction isopleths between
pairs of precursors.

Although we do not explicitly calculate kinetics here, the mag-
nitude of the thermodynamic driving force is a good proxy for phase
transformation kinetics, as AG,,.ion appears in the denominator of
the classical nucleationbarrier, as supersaturationin theJMAK theory
of crystal growth and as du/dx in Fick’s first law of diffusion (where
1 is chemical potential and x is distance)®. Because we aim to evalu-
ate the relative reaction kinetics of different precursors, rather than
absolute kinetics, we can usually compare thermodynamic driving
forces between different precursor sets without explicitly calculat-
ing diffusion barriers*® or surface energies for nucleation and growth
analyses*"*5,

However, there are limits to this assumption. Figure 4d shows
the reaction energy and inverse hull energy for all 35 reactions using
predicted precursors, among which three of the unsuccessful syn-
theses are marked with a cross and four red markers indicate condi-
tions where the traditional precursors outperformed the predicted
precursors. In cases where our predicted precursors were less suc-
cessful (red box in Fig. 4d), the reaction energy landscapes were shal-
low with AE,.,.ii0n > =70 meV per atom, and inverse hull energies of
AE,,>-50 meV per atom. Because these driving forces are of the order
of k; T at solid-state synthesis temperatures (Boltzmann'’s constant x
~1,000 K =100 meV per atom), unanticipated kinetic processes may
become rate limiting and disqualify our thermodynamic driving force
arguments. These counter examples provide valuable ‘failed synthesis’
results*’ to quantify bounds where our precursor selection principles
offer less certainty of success, and can serve as soft cutoff energies
for future algorithms for solid-state precursor prediction—although
we note that many reactions within this energy cutoff can still be suc-
cessful, as shown in our experiments.

Finally, additional opportunities to design large AG, ..o, include
leveraging metathesis reactions®”, for example, of the form 2NaCrS, +
MgCl, > MgCr,S, + 2NaCl (ref. 50), where reactions can be thermody-
namically driven by the formation of astable salt by-product. Because
there areawide variety of opportunities to select potential by-product
phases, metathesis reactions represent arich design space to enhance
the thermodynamics, and thereby the kinetics, of solid-state reactions.

Outlook

Synthesis scienceis poorly understood, but new theories canbe devel-
oped by examining falsifiable predictions through empirical validation.
In this work, we hypothesized several principles to identify superior
precursors for high-purity synthesis of multicomponent oxides. We
argued that in high-dimensional phase diagrams with skewed energy
landscapes, there is an opportunity to find precursors that are both
high in energy and have compositions that circumvent low-energy,
undesired kinetic by-products. Using a robotic synthesis laboratory,
we validated this hypothesis over 35 target materials with diverse crys-
tal chemistries, producing in this one study as many experimental
results as a typical review paper might survey. This work highlights
the potential of data-driven experimental synthesis science, where the
high throughput and reproducibility of robotic laboratories enable a
more comprehensive interrogation of synthesis science hypotheses.
This exciting robotic platform can be directed to investigate further
fundamental questions, such as the role of temperatures and reaction
times in ceramic oxide synthesis. As we use these robotic laboratories
to verify human-designed hypotheses, we will deepen our fundamental
understanding of the interplay between thermodynamics and kinetics
during materials formation. Simultaneously, this scientific understand-
ing will drive the development of physically informed artificial intel-
ligence synthesis-planning frameworks to enable truly autonomous
materials processing and manufacturing.

Methods

DFT convex hulls for precursor identification

Material phases and formation energies were obtained from the
Materials Project®* using its REST API® (retrieved December 2020).
Convex hulls were constructed from the phase diagram module in
Pymatgen®, and reaction convex hulls were calculated from the inter-
facial reactions module®. Software for producing interactive reaction
compound convex hulls can be found on GitHub at https://github.
com/dd-debug/synthesis_planning_algorithm. Further details onthe
thermodynamic calculations and convex hull analysis are provided in
Supplementary Note 1.

Roboticlaboratory

ASTRAL transports samples between stations using two robots, a
seven-axis Panda robotic arm (Franka Emika) and a linear rail (Ven-
tion). By using the rail system to extend the range of the Panda arm,
the system can perform precise laboratory manipulations over anarea
of 1.7 m x 4 m. Surrounding the central rail system are stations that
perform specialized tasks for inorganic materials synthesis, such as
dispensing solid powder precursor chemicals and liquid dispersants, a
mechanical ball mill, furnace to calcine and react precursors and X-ray
diffraction to characterize synthesis outcomes. Precursor powders
are dispensed sequentially using a Quantos powder dispenser (Met-
tler Toledo), with sample vials and powder dosing heads exchanged
using the robotic arm. Following powder dispensing, 1 ml of ethanol
is dispensed into each vial using a Freedom EVO 150 liquid handling
robot (Tecan Life Sciences), followed by rotary ball milling for 15 h at
100 r.p.m. to produce a uniform fine mixture of precursor powders.
Alumina crucibles (Advalue Technology) are used to hold the mixed
precursors. After ball milling, samples are heated to 80 °Cfor 2 hunder
vacuum to remove ethanol and then transferred to afurnace for calcina-
tion in air atmosphere for 8 h at temperatures from 600 to 1,000 °C.
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Powders are then characterized via powder X-ray diffraction (Rigaku
Miniflex 600). Further details on the robotic infrastructure and syn-
thesis procedures are provided in Supplementary Note 2.

Automated X-ray diffraction refinement

Rietveld refinement of data was performed in the BGMN kernel**. The
target structure is used as the sole input phase for the BMGN kernel,
and the Rietveld refinement will split the X-ray diffraction signal into
the target phase, background and residual. The background X-ray
diffraction pattern was determined from empty sample holders. The
fraction of the target phase was estimated by dividing the integrated
intensity (/) of the target phase by the combined intensity of the target
phase and residual phase, I, get/ (liarget + Jresiaua)- Values greater than 0.5
are considered high purity, between 0.2 and 0.5 are considered mod-
erate purity and less than 0.2 is considered low purity. Further details
on the automated X-ray diffraction refinement process are provided
inSupplementary Note 2.2.3.

Data availability

The data supporting the findings of this study are available within the
paper and its Supplementary Information files. All thermodynamic
datatoreproduce our analyses can be freely obtained from the Mate-
rials Project database and its API, as discussed in Methods and Sup-
plementary Note 1. X-ray diffraction patterns for robotic laboratory
synthesis results are all provided in the Supplementary Information.
Allexperimental protocols regarding the construction and operation
oftheroboticlaboratory are discussedin the Supplementary Informa-
tion. Candidate reactions and their energies are available via figshare
at https://doi.org/10.6084/m9.figshare.22671571. Source data are
provided with this paper.

Code availability

Allcode for evaluating precursors, as well as for producing interactive
reaction compound convex hulls, can be found on GitHub at the follow-
inglink: https://github.com/dd-debug/synthesis_planning_algorithm.
The link includes a readme, demonstration file, installation guide,
Python package requirements and instructions for use.
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