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While advances in computational techniques have accelerated virtual materials design, the actual synthesis

of predicted candidate materials is still an expensive and slow process. While a few initial studies attempted

to predict the synthesis routes for inorganic crystals, the existing models do not yield the priority of

predictions and could produce thermodynamically unrealistic precursor chemicals. Here, we propose an

element-wise graph neural network to predict inorganic synthesis recipes. The trained model

outperforms the popularity-based statistical baseline model for the top-k exact match accuracy test,

showing the validity of our approach for inorganic solid-state synthesis. We further validate our model by

the publication-year-split test, where the model trained based on the materials data until the year 2016

is shown to successfully predict synthetic precursors for the materials synthesized after 2016. The high

correlation between the probability score and prediction accuracy suggests that the probability score

can be interpreted as a measure of confidence levels, which can offer the priority of the predictions.
1 Introduction

Synthesizing new inorganic functional materials is a practical
goal of materials science in various elds such as batteries,1–3

(photo-)electrochemical catalysts,4,5 and solar cells6 to name but
a few. While advances in computational power and electronic
structure calculation methods helped design new materials at
a pace much faster than before,7–10 the actual synthesis of pre-
dicted candidate materials still remains a slow process due to
the empirical nature of synthesis based on intuition and labo-
ratory trial and error.

Thus, to reduce the time and cost associated with failed
syntheses, efforts to understand the chemistry of materials
synthesizability have been made. For example, the use of
Goldschmidt's tolerance factor, a heuristic stability metric
based on the ratio of ionic radii, was suggested to approximate
the stability of double halide perovskites.11 For NASICON-
structured materials, machine-learning derived stability rules
based on the Na content, elemental radii, and
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electronegativities were also suggested.12 In addition to these
heuristic rules for synthetic accessibility that are domain
specic, several thermodynamic quantities obtained from
electronic structure calculations have been widely used as
a helpful estimate of synthesizability.13 For example, the energy
above the convex hull (DEhull) was used as an important crite-
rion to identify synthesizable photocatalysts14 and metastable
inorganic materials.15 Decomposition enthalpies (DHd) were
also used as another metric to evaluate solid stability.16 More-
over, to address the computational costs of these rst-principles
calculations, machine learning (ML) models have been
proposed to estimate the materials thermodynamics.17–19 More
recently, data-driven approaches were proposed to predict the
synthesizability of unknown inorganic crystals based on their
structural similarity20–22 or chemical composition23 to the
already synthesized materials.

Beyond the synthetic feasibility predictions as briey
described above, a few studies attempted to further suggest
synthesis routes for inorganic materials. For example, in con-
structing the plausible reaction space for a target compound,
a favorable synthetic pathway has been suggested based mainly
on thermodynamic parameters and some kinetic heuristics.24

Nucleation barriers and phase competition metrics were also
used, showing another approach to provide favorable paths for
inorganic materials.25 In addition to these thermodynamic-
based approaches, several data-driven models have also been
proposed to generate precursors and synthetic conditions (e.g.
heating temperature and time) to synthesize the target mate-
rials using text-mined meta-datasets.26–29 However, outcomes
from generative models used in the latter studies29 can contain
Chem. Sci., 2024, 15, 1039–1045 | 1039
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thermodynamically unstable precursors and do not generally
present priority among the results, still remaining a question of
which results should be tried experimentally rst. In the same
vein, they do not inform the measure of condence for pre-
dicted reactions, requiring an additional process by domain
experts to screen or rank the generated reaction recipes. While
the previous study24 has shown the capability of suggesting
intermediate reaction steps with priority for a net (overall)
reaction (both target and starting materials are given), a priori-
tized retrosynthetic prediction of starting materials (precursors)
is still under-studied.

This status of inorganic retrosynthetic reaction prediction
can be contrasted with molecular synthesis planning where
there are a number of models with promising prediction accu-
racy. Broadly, molecular retrosynthesis prediction models can
be divided into two approaches, template-free30–32 and template-
based33,34 methods. Using sequence-based or graph-based
molecular representations, template-free methods have shown
good performance without the requirement of a vast number of
chemical reaction rules.30–32 On the other hand, template-based
models use manually or automatically craed reaction
templates and rules extracted from reaction datasets.33,34 Since
subtle changes in chemical environments can lead to very
different reactivities and reaction outcomes, template-based
approaches typically require a large number of reaction
templates, of the order of 10 000 to 20 000, which still cannot
cover and describe all the reactions. On the other hand, most
solid-state inorganic syntheses are performed using a nite list
of commercial precursors, and in that sense, synthesis planning
in solid-state chemistry may be considered much simpler since
the aim would then be to select appropriate precursors from
commercially available compounds, only of the order of 100
precursors. This difference suggests that the concepts used in
successful organic retrosynthesis models may be borrowed and
adapted to address the inorganic retrosynthesis problem. In
particular, by noting that most solid-state inorganic syntheses
are performed using a nite list of commercial precursors, we
envision that the set of popular inorganic precursors used in the
literature can be seen as a “template” for inorganic solid-state
synthesis, and a similar probability-based template selection
model used in organic retrosynthesis can be used in inorganic
synthesis planning. This template-based recommendation
would remove the unwanted possibility of yielding unrealistic
precursor chemicals that do not satisfy charge neutrality or have
no CAS registry number, as in some of the existing template-free
generative models for inorganic retrosynthesis predictions.29

In this work, we introduce a template-based graph neural
network for inorganic synthesis recipe prediction. The model is
trained to predict a set of precursors for inorganic crystals by
ranking the sets of precursors as probability scores. Tempera-
ture for the solid-state reaction is another important parameter
in actual experimental synthesis, that is affected by both the
target crystals and detailed precursors chosen. Thus, we addi-
tionally constructed a temperature prediction model that is
sequentially connected to the precursor set prediction model.
These two models combined then generate a set of precursors
and temperature to produce a target solid compound. Due to
1040 | Chem. Sci., 2024, 15, 1039–1045
the high correlation between the probability score and the
prediction accuracy, the proposed model has the key advantage
of quantifying condence of the predictions, which could alle-
viate the exhausted experimental costs.
2 Results and discussion
2.1. Elementwise formulation of inorganic retrosynthesis

We formulated the retrosynthetic problems of inorganic mate-
rials by rst dividing chemical elements in the target product
into two types: elements that have to be provided as reaction
precursors (denoted as “source elements”) and elements that
can come from or leave reaction environments (denoted as
“non-source elements”). Aer selecting source elements from
the given target inorganic compositions, proper anionic
frameworks (denoted as “precursor templates”) have to be
attached to each source element to complete the actual
precursor compounds. This formulation of the concept is
summarized in Fig. 1a.

To categorize the source and non-source elements, we
examined the text-mined inorganic reaction database.35 To this
end, we assigned metal groups (alkali, alkaline, transition,
lanthanide, actinide, and post transition), metalloids, phos-
phorus, selenium, and sulfur as source elements and the others
as environmental elements from the inorganic retrosynthetic
point of view. Based on this formulation, we constructed a total
of 60 precursor templates from the 13 477 curated inorganic
retrosynthetic datasets. The detailed procedures for the dataset
selection and curation and the precursor template extraction
are described in the Computational methods section.

Based on this formulation, for a given target composition,
the compound is encoded as a graph whose node features are
obtained from a separate pretrained representation of inorganic
compounds. Once the representation is fed into the model, the
inorganic retrosynthetic model predicts the precursors that can
provide all source elements contained in the given target
composition using the source element mask, as shown in
Fig. 1b. The formulated source element mask enables the model
to discriminate the source element (Li, La, and Zr) information
from the given compositions (Li7La3Zr2O12). Each source
element is separately used in the following precursor classier
which predicts the precursor in the formulated template library.
By calculating the joint probability of a set of precursors
determined for each source element, the precursor-sets
(synthesis “recipe”) are nally predicted as a probability score
which can be ranked. The brief and detailed architecture of the
proposed model, ElemwiseRetro, is described in Fig. 1b and 5,
respectively.
2.2. Precursor set prediction

To demonstrate the ElemwiseRetro model performance, we
calculated the top-k exact match accuracy for the test dataset as
an evaluation metric, which measures the ratio that at least one
valid recipe is included in one of the top-k highest scored
precursor set predictions. Since the model might capture
merely the popularity trend of literature-reported examples, as
© 2024 The Author(s). Published by the Royal Society of Chemistry



Fig. 1 The overview of (a) the formulation of source elements and each precursor template library and (b) the inorganic retrosynthetic model
architecture (see also Fig. 5 for more details on ElemwiseRetro) for top-scored based synthesis recipe prediction.
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recently discussed for some organic retrosynthesis predic-
tions,36 we constructed the template-popularity-based model as
a baseline comparison. In this baseline, the prediction is made
statistically based on the number of examples in which
a particular template appears in the dataset. The results for the
top-k exact match tests are shown in Table 1. The proposed
ElemwiseRetro shows promising 78.6% top-1 and 96.1% top-5
accuracy, as compared to the popularity baseline model
whose top-1 and top-5 accuracies are 50.4% and 79.2%,
respectively. This result can be understood by the fact that
ElemwiseRetro considers the combination and interaction of all
elements in target compositions through message passing
layers, whereas the baseline looks at only the individual source
element types in the target composition and just randomly
samples precursor recipes based on the popularity of each
element's templates individually.
Table 1 The top-k exact match accuracy for the prediction of inor-
ganic synthesis precursors by ElemwiseRetro and the popularity-based
baseline modela

Top-k
accuracy (%)

Model

ElemwiseRetro
(RandSplit)

ElemwiseRetro
(TimeSplit) Baseline

k = 1 78.6 80.4 50.4
k = 2 87.7 89.4 70.5
k = 3 92.9 92.9 75.1
k = 4 94.6 94.3 77.6
k = 5 96.1 95.8 79.2

a The accuracies were obtained in a single run, but multiple runs yield
similar results.

© 2024 The Author(s). Published by the Royal Society of Chemistry
2.3. Condence level estimation

The reliability of the prediction is important to measure in order
to prioritize and manage the cost of experimental environments.
We split the top-1 exact match accuracy of precursor set predic-
tion depending on their probability scores. As shown in Fig. 2a,
a positive correlation between the probability score and the
accuracy is clear. This means that the predictions with higher
probability scores can be considered more reliable predictions.
2.4. Publication-year-split validation

To further validate our model, we performed the publication-
year-split test, for which we mined the published years of
each dataset using the DOIs tagged in the inorganic reaction
database. In this benchmark, instead of splitting the entire
dataset between the training and test sets randomly as in the
original ElemwiseRetro, we used the time sequence to split the
Fig. 2 The prediction accuracy (red marked line) of precursor sets as
a function of model probability scores for (a) the randomly split and (b)
the publication-year-split test dataset, along with each histogram
(blue bar).

Chem. Sci., 2024, 15, 1039–1045 | 1041



Fig. 3 The result of the 2D parity heat map from the synthetic
temperature prediction model.

Chemical Science Edge Article
dataset, the data before the year 2016 for training (∼75%) and
the data aer 2016 for testing (∼25%). As the accuracy results
for this time split case is summarized in Table 1, both original
ElemwiseRetro-RandSplit and ElemwiseRetro-TimeSplit yield
consistent model performance. Furthermore, we split the top-1
exact match accuracy depending on their probability scores
(Fig. 2b), and a positive correlation is still clear even though the
test dataset was derived from the out of time domain. This
result clearly suggests that our model can be used to discover
undiscovered inorganic materials in the future.
2.5. Synthetic temperature prediction

The synthetic temperature prediction model performance was
investigated using the 2D parity heat map as shown in Fig. 3.
The predicted temperatures from the model reproduce real
temperatures qualitatively with a mean absolute error (MAE) of
121.7 °C, which outperforms the MAE (∼140 °C) of previous
results.27,28 Nevertheless, a wide range of temperatures (300–
1600 °C) used to synthesize a target crystal with a limited
number of data points is potentially contributing to the rela-
tively large MAE observed here.
Fig. 4 Based on the formulated source elements and precursor
templates, reaction coverages (red marked line) depending on the
most frequent target types (up to the 12th) and the total are displayed,
along with the count histogram.
3 Computational methods
3.1. Dataset preparation

For preparing the dataset for training and testing, we started
with the inorganic synthesis-related dataset35 which was text-
mined from the literature published aer the year 2000. The
raw text-mined data contain some incomplete entries; thus we
further rened the data. We removed the data with missing or
incorrectly parsed elements and stoichiometry, which reduced
the data size from 31 782 to 25 873. Next, the entries with
inconsistency between the target crystal elements and the
source elements in precursors were removed, resulting in 22 837
datasets. Few cases of unstable or metastable precursors such
as Li2O2 or precursors which have no CAS registry number were
1042 | Chem. Sci., 2024, 15, 1039–1045
also ltered out or revised due to unmanageability in real
synthetic environments. The data are further trimmed by
selecting data where only one source element is present for each
precursor, which is the case for most of the data (21 085) due to
its affordability in real experimental synthesis for any type of
inorganic synthesis. The duplicate cases were removed,
ensuring that the nal 13 477 retrosynthetic curated datasets
were derived.

For the synthesis step with several experiments, the synthetic
temperature was calculated by averaging. The data with the
synthesis temperature less than 300 °C and more than 1600 °C
were removed, as they are outliers. For multi-step reaction cases
which have more than one heating step, we took the average
temperature to represent the overall reaction. Those with high
standard deviation data were removed. We note that several
other reaction conditions (e.g. sequence of operations, type of
mixing device, heating atmosphere, etc.) which might be up to
each laboratorial standardized procedure would not be consid-
ered; incorporating these conditions is a topic of future work.

Through the aforementioned preprocessing, our nal data-
set size is 13 477 for the precursor set prediction from the
targets and 9163 for the synthetic temperature prediction. The
whole dataset was divided into training : validation : test (8 : 1 :
1) to separate test data from the training process. Fig. 4 shows
the coverage of the inorganic reaction data, which measures the
ratio included in the nal dataset aer preprocessing the
formulation of source elements and precursor templates,
depending on the target types in the inorganic reaction dataset.
The most frequent types (oxides, composites, alloys, and
phosphates) are highly covered, which represents our inorganic
reaction domain. The total reaction coverage from our template-
based approach is 91.8%, which would be further developed in
the future. Our formulated concepts have the possibility to
handle reactions involving most elements and the broad types
of popular inorganic materials (e.g. oxides, composites, alloys,
phosphates, etc.).

In predicting the retrosynthetic precursors for given inor-
ganic materials, we used source element-wise precursor
templates to determine each type of precursor compounds.
Aer thoroughly investigating the whole 13 477 inorganic
synthetic dataset which was curated by the abovementioned
© 2024 The Author(s). Published by the Royal Society of Chemistry
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preprocessing, we obtained the 60 lists of the precursor
templates (e.g. –CO3 in Li2CO3, Na2CO3, and –OH in LiOH,
Al(OH)3). Based on these precursor templates, our retro-
synthetic model can predict each precursor per one source
element within the pre-dened 60 template space.

3.2. Retrosynthetic model

We denote our retrosynthetic precursor prediction model as
ElemwiseRetro, and the other is for the synthetic temperature
prediction. The overall schematics of the two model architec-
tures are illustrated in Fig. 5. In order to nd a plausible set of
precursors that could synthesize the target product, the
composition of the inorganic target material was converted to
a 2D graph, referred to as Roost,37 which is a kind of fully
connected inorganic graph representation that has no edge
attributes. The atomic feature vectors learned from ElemNet38

were embedded as the initial node states of the inorganic graph.
We then apply the message passing neural network (MPNN)39 to
the graph representation, which updates each atomic feature
with the surrounding environmental information (the other
atomic features). Typically, aer passing the MPNN, the pooling
operation is used to gather the updated node vectors in order to
obtain a single inorganic descriptor as one-to-onemapping with
a target input. Instead of using the pooling layer, however, we
extracted the node vectors, which correspond to the source
elements, from the updated atomic features to solve the retro-
synthetic one-to-many (target-to-precursors) problem. Then the
source element descriptors were separately entered into the
prediction network (element-wise prediction) that consists of
a residual network (ResNet)40 with three residual building
blocks of 512-dimensional hidden layers. The residual building
block is constructed to add feature vectors before and aer
passing the nonlinear activation function, known for contrib-
uting to the robustness of deeper neural networks.

Aer training with the precursor templates, the retro-
synthetic model classied each source element to infer their
Fig. 5 Schematic diagram of (a) the retrosynthetic model (Ele-
mwiseRetro) architecture for the precursor set prediction and (b) the
synthetic temperature prediction. When predicting the set of precur-
sors for Li7La3Zr2O12, the updated source element feature vectors (Li,
La, and Zr) are used for the precursor template classifier, resulting in
the individual precursor outcome with each probability scores. Finally,
the set of precursors was derived from the joint probability (the rank-1
result came from the highest score).

© 2024 The Author(s). Published by the Royal Society of Chemistry
precursor template classes. At the end of the classier, proba-
bility score distributions of the precursor templates for each
source element were obtained using the SoMax layer. Using
this individual probability, we can automatically compute the
joint probability, resulting in the set of precursor outcomes. The
probability concept enables the model to derive the most
synthetically probable precursors for inorganic retrosynthesis
by ranking them as descending probability scores.

Aer predicting the set of precursors by ElemwiseRetro, both
the target and precursors were inputted in the second model for
predicting their synthetic temperature (Fig. 5b). The composi-
tions of the target and precursors were converted to inorganic
graphs by the aforementioned Roost. To distinguish informa-
tion between the target and precursors, the atomic nodes in the
inorganic graph were only intra-connected within the target and
precursor sets, separately. Therefore, the target (or precursor)
atomic features were updated only from the surrounding target
(or precursor) information. Aer the MPNN, the attention
pooling layer was applied to extract the target and precursor
descriptors from the updated target and precursor graphs,
respectively. Then the two descriptors were concatenated and
fed into the regressor network to predict their synthetic
temperature.

The atomic feature vectors learned from ElemNet38 were
embedded as the initial node vectors of the inorganic graph.
The atomic embedding dimension is 136, which is mapped to
63 dimensions by one linear layer. The stoichiometric weight is
concatenated to each mapped atomic vector, resulting in an
initial node dimension of 64. We used three MPNN layers to
update the node features. The three hidden layers of the
prediction network have 512/512/512 nodes. At the end of the
prediction network, the SoMax layer is used in ElemwiseRetro.

4 Conclusions

We proposed an element-wise template-based retrosynthetic
model that enables a probabilistic prediction of the precursor
set for inorganic crystals and the corresponding synthetic
temperatures. Based on the concept of source elements, we
derived a set of precursor templates of inorganic crystal
compounds. We demonstrated a promising model performance
by the top-k exact match accuracy test with the popularity
baseline comparison. The observed positive correlation
between the probability score and the prediction accuracy also
allows us to estimate the condence of the predictions. We
further validated our model by the publication-year-split test,
which suggests that our model has the possibility of covering up
to the aerward time space where novel inorganic materials will
be discovered or virtually proposed. While the current approach
is the rst and initial effort to use probabilistic modeling for
inorganic solid-state retrosynthesis predictions, we expect that
the concept of templates, source element decomposition, and
element-wise prediction proposed here can be a promising
direction to further develop inorganic retrosynthetic models
with improved performance.

Given that the eld of inorganic retrosynthesis predictions is
still in its early stage, it is important to acknowledge the
Chem. Sci., 2024, 15, 1039–1045 | 1043
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limitations of our approach and identify opportunities for further
improvement. Firstly, our model does not encompass inorganic
reactions that involve catalytic compounds, as catalysts cannot be
considered both as a source element and a non-source element
within the framework of our model. This limitation restricts our
ability to predict reactions that include catalytic processes.
Secondly, our current model does not predict multi-step reaction
pathways for inorganic crystals. This is due to the complexity of
precursors that contain more than one source element, in
compounds such as BaTi2O5, where two source elements exist
within a single precursor. Our formulated approach is designed
to handle one-step reactions, which aligns with the majority of
the inorganic reaction data used for training. Thirdly, our model
does not account for metastable and unstable precursor cases.
For practical purposes, our study focuses only on commercially
available compounds as startingmaterials, thereby excluding less
stable compounds from consideration. Fourthly, certain types of
inorganic crystal compounds, such as oxyhalides, suldes,
carbides, nitrides, and hydrides, are not well-covered by our
model, as indicated in Fig. 4. This limitation arises from the
denition of the source element space, which excludes carbon
and nitrogen due to their overlapping presence in numerous
precursor templates. In addition, even though the predicted
recipes that do not exist in the dataset were evaluated as inac-
curate in this work, they could still be valid. To deal with this,
positive and unlabeled (PU) learning would be one solution by
enumerating all other recipes that do not appear in the dataset as
unlabeled training data in the future. Furthermore, our model
can only handle the chemical formula of a target compound,
which cannot distinguish the different structures of the same
composition, i.e., polymorphs. Since the same composition can
have diverse polymorphs in inorganic chemistry, a structure-
based retrosynthetic model, as well as a polymorph prediction
model, should also be studied. Moreover, since the current
model is constructed by a template-based method that cannot
predict or suggest the out-domain of the formulated templates,
more developed formulations or template-free methods should
be studied.

Nevertheless, we expect that the core concept of using
element-wise and template-based prediction and the probabi-
listic method for the estimate of prediction condence will be
a prospective method to solve several future problems of inor-
ganic materials retrosynthesis. In this work, only two element
types, source elements and non-source elements, were consid-
ered. For further development, more concretized element types
(more than three) from the inorganic retrosynthetic view could
be a direction to cover the enlarged reaction space which
includes catalytic compounds and complex types of precursors.
To cover the multi-step reaction space, predicting the number
of reaction and heating steps before predicting the precursors
and synthetic temperature could be one way.

Data availability

All data and the code needed to reproduce the results and
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