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ABSTRACT: Determining the structures of previously unseen compounds from experimental characterizations is a crucial part of
materials science. It requires a step of searching for the structure type that conforms to the lattice of the unknown compound, which
enables the pattern matching process for characterization data, such as X-ray diffraction (XRD) patterns. However, this procedure
typically places a high demand on domain expertise, thus creating an obstacle for computer-driven automation. Here, we address this
challenge by leveraging a deep-learning model composed of a union of convolutional residual neural networks. The accuracy of the
model is demonstrated on a dataset of over 60,000 different compounds for 100 structure types, and additional categories can be
integrated without the need to retrain the existing networks. We also unravel the operation of the deep-learning black box and
highlight the way in which the resemblance between the unknown compound and a structure type is quantified based on both local
and global characteristics in XRD patterns. This computational tool opens new avenues for automating structure analysis on
materials unearthed in high-throughput experimentation.

■ INTRODUCTION
Autonomous synthesis and characterizations in high-through-
put experimentation have rapidly emerged as a means to
accelerate the experimental cycle for material innovation in
various fields.1 However, along with the advent of this new
material research paradigm, there arises a daunting challenge
regarding the analysis of a large portfolio of data generated by
characterization techniques, among which X-ray diffraction
(XRD) is arguably the most important one. The conventional
method for XRD interpretation is based on pattern matching
between the sample and the reference patterns in XRD
databases. This procedure requires the joint optimization of
multiple parameters2−6 and can be quite an arduous task that
may take a well-trained expert a considerably large amount of
time.7,8 This is especially true when some of the constituent
compounds are not yet stored in the existing XRD databases,
either because of newly discovered crystal structures or
because of a compositional deviation from solid-solution
compounds. Hence, there is a dire need to develop methods to
expedite and automate the crystal structure identification for

such unknown compounds, which may constitute a basic step
toward the practical application of self-driving laboratories9−11

for materials science.
Deep-learning algorithms have recently gained increasing

popularity for assisting XRD interpretation, as they can
effectively extract the latent information that is often hard to
manually capture from the diffraction patterns.12−26 Early
pioneering studies have primarily focused on the autonomous
inference of structural attributes from the XRD patterns,
including lattice parameters,27 space group,28−32 and crystallo-
graphic dimensionality.33 These attributes can be fed to the
traditional rule-based approaches to speed up the process of
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XRD analysis. However, the ultimate goal of autonomous XRD
interpretation is to identify the constituent phases without
human intervention and not merely to infer the structural
attributes. Only recently has this goal been partially
accomplished, with the use of deep convolutional neural
networks (CNNs) trained on simulated XRD datasets.34−37 It
was demonstrated via class activation mapping analysis38 that
the CNN models can learn the distribution characteristics of
main diffraction peaks upon an adequate amount of XRD data,
which allows the accurate discrimination of compounds from
experimental data. Despite the inspiring results in these studies,
there remains a significant unmet need for deciphering the
structures of new compounds unseen in both experimental and
simulated XRD datasets, especially in a wide compositional
range. If such unseen compounds (not included in the labels of
the training data) were to emerge in experiments, false
interpretation would naturally be expected from most of the
previous CNN models. Although a model has been recently
developed for the discrimination of a specific type of structure
(e.g., perovskites) without being restricted to the reported
compounds,39 it can only focus on the classification of a single
category and is difficult to be directly extended to other crystal
structures. Up to now, a universal model for XRD
interpretation of various kinds of new compounds has not
yet been reported.
In conventional XRD analysis tools, there is one way to help

identify the structures of these new compounds: searching for
the isoconfigurational structures.40−43 For example, high
pressure could induce the phase transition of certain
compounds from a four-coordinate wurtzite to a six-coordinate
rock-salt structure.44,45 The high-pressure phase that may not
yet be stored in the databases can be intuitively assigned to a
rock-salt prototype for Rietveld refinement, and by pattern
matching, one can determine whether the high-pressure phase

has the isoconfigurational structure of the rock-salt prototype.
If not, another prototype will be suggested, followed by a new
pattern matching process, and this operation is repeated until
the correct isoconfigurational structure is found. While this
approach has proved indispensable in conventional XRD
analysis, it has not yet been incorporated into any of the
previous deep-learning algorithms. Thus, fulfilling the ultimate
goal of autonomous XRD interpretation involves the task of an
automatic search for the isoconfigurational structures, which
can be translated into a problem of identifying the most
probable structure type for the unknown compound from an
XRD pattern.
The present work introduces a model named crystal

structure-type identification network (CrySTINet) on the
basis of convolutional residual neural networks (ResNet)46 to
automate the identification of the most probable structure
types for inorganic compounds from XRD patterns. The
applicability and potential of this model are demonstrated on a
dataset of 63,963 compounds extracted from the Inorganic
Crystal Structure Database (ICSD),47 with all of these
compounds belonging to the top 100 most popular structure
types in ICSD. This model can reach a promising accuracy of
80.0% without requiring any prior information on the
composition of the materials, and it is extensible for a larger
number of structure types according to the need of the task.
We also tracked the internal behavior of the network and
provided a detailed account of how we score the structural
resemblance between the unknown compound and a structure
type from the XRD patterns. This work lays the foundation for
the autonomous XRD interpretation module in the high-
throughput experimentation for material discovery.

Figure 1. Overview of the CrySTINet model for XRD interpretation. CrySTINet is based on a union of ResNet Confidence Networks (RCNets),
each of which performs an isolate classification task based on a distinct group of structure types and then outputs a reliability value to measure how
similar the XRD patterns are between the unknown compound and a structure type of existing compounds in the corresponding dataset. The
highest reliability value among all RCNets indicates the most probable structure type for this unknown compound.
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■ RESULTS
Architecture of CrySTINet. Following the work of

Allmann and Hinek,48 compounds in ICSD can be categorized
into different structure types according to the space group,
Wyckoff sequence, Pearson symbol, c/a ratio, β ranges, and
some composition-relevant information. This kind of catego-
rization has already been adopted by the latest ICSD release,
with the structure-type notation directly stored in the
crystallographic information file for each compound. We
extracted this information from all ICSD entries and used it as
the basis for the classification output. Any two compounds that
belong to the same structure type can be regarded as sharing
an isoconfigurational structure. According to the number of
compounds belonging to each category, the top 100 most
popular structure types were identified, corresponding to a
total of 63,963 inorganic compounds. The one-dimensional
XRD patterns of all of these compounds were taken as the
dataset for CrySTINet. Unlike the previous studies27−37 that
used a restricted compositional pool in the training and
evaluation of their deep-learning models for XRD interpreta-
tion, our model can cover a wide compositional range that
includes nearly all elements in the periodic table.
Beyond the 100 popular structure types, there are a lot more

species that each correspond to relatively few kinds of
compounds. It means that these structure types can emerge
only at distinctive compositions, but despite this, they should
not be entirely left out of consideration in the autonomous
XRD interpretation process. Whenever there is the possibility
for some uncommon structure types to emerge at a
combination of elements specified in the experiments, these
structure types should be added to the deep-learning model.
Therefore, it is necessary that this model can be conveniently
adjusted and extended to additional categories of structure
types. To achieve this goal, the framework of CrySTINet has
been crafted as a union of submodels named ResNet
Confidence Networks (RCNets), each trained from a different
subset of structure types (Figure 1). These subsets, here
denoted as Datasets #1 to #n, are derived from the grouping of
all of the structure types required for classification. When an

input pattern is fed into the RCNets, each one of them will
arrive at a distinct classification decision according to the
corresponding dataset. Along with this classification result, a
reliability value, which indicates the probability of the match
between the decided structure type and the unknown
compound, will be outputted by each RCNet. The structure
type with the highest reliability value among all RCNets will be
selected as the one finally recommended for the unknown
compound. We note that the initial set of RCNets are trained
on the 100 popular structure types, while any additional
species could be incorporated in a supplementary network
without retraining the initial set of RCNets. Utilizing this
architectural feature, we can readily extend the model to any of
the less popular crystal structures without sacrificing its high
recognition ability on the common structure types.
The architecture of RCNet in this work (Figure 2) is

adapted from those designed for image-related tasks in
computer vision.46 We have deployed a method proposed by
Devries et al.49 to output the confidence value (C) via a
confidence estimation branch added after the penultimate layer
of the network. This value reflects to some extent how much
the XRD pattern of the unknown compound resembles the
characteristic pattern of a structure type, as predicted by an
RCNet. However, we find that this confidence value is not
reliable enough to identify the most probable structure type
among all RCNets, which stems from a weak ability to
discriminate similar structures that belong to datasets of
different RCNets. To overcome this limitation, we explored
the combined use of confidence value and cosine similarity
value (S), the latter of which is calculated between the input
pattern and the general feature of the simulated patterns for
the output structure type (denoted as O) by each RCNet. In
an aim to guarantee a sufficiently large difference between any
two structure types in different datasets, we have performed an
unsupervised clustering for the 100 popular structure types
before the training of RCNets (see the Methods section and
Supporting Note 1 for details), dividing them into 10 subsets,
with each subset serving as the dataset to train one RCNet.
After the output structure type O of each RCNet for the
unknown compound is acquired, the simulated patterns of all

Figure 2. The architecture of CrySTINet and RCNet. The CrySTINet takes the one-dimensional vector of the XRD pattern as an input, which is
fed into all of the RCNets in the framework. Each RCNet employs a residual architecture to classify the pattern as one of the structure types (O)
included in the training dataset and simultaneously outputs a confidence value (C). After that, a cosine similarity value (S) is calculated according
to the input pattern and the average XRD pattern for the structure type O predicted by the corresponding RCNet. A series of reliability values (R)
are derived based on S and C, which combine with the classification results of the RCNets to arrive at the final decision on the recommended
structure type.
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compounds in this structure type will be used to obtain an
average XRD pattern. This pattern is taken as the general
feature to calculate the similarity value S for the corresponding
output O. We note that for both the training process of
RCNets and the calculation of S, all of the datasets of
simulated patterns have been augmented via the hypothetical

perturbations on the physical information on crystal structures,
which allows us to take into account some experimental
complexities, such as strain, domain size, and preferred crystal
orientation (Supporting Note 2). Thereafter, a linear
combination of S and C with a formula of αS + (1 − α)C is
employed to determine the reliability value (R), a variable that

Figure 3. Performance of CrySTINet. (a) In- and out-of-distribution patterns of the confidence value for RCNet #1. (b) Test accuracy of
CrySTINet as a function of α in the formula for calculating the reliability value, R = αS + (1 − α)C. (c) Confusion matrix for the top 30 most
popular structure types. Entries along the descending diagonal represent the accuracies for the corresponding structure types, while other entries
indicate the percentages of misclassification. (d) Performance breakdown for subsets of structure types. The entries represent the percentages out
of the test XRD patterns that are classified into a certain dataset (row) given a ground-truth label (column).
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has been adopted in our model to effectively predict the
ranking of probable structure types for the unknown
compound.
Model Performance. The simulated XRD pattern data of

all compounds for the 100 popular structure types are
randomly divided into the training set, validation set, and
testing set with a ratio of 7:1:2. First, we evaluate the
performance of structure-type classification in an isolate
RCNet. Here, we take RCNet #1 as an example, where the
testing data come from the same repository (Dataset #1) as the
training data. In this setting, the test accuracy reaches a
promising level of 99.89%, with a confidence value of generally
0.9−1.0 (we denoted this value as the in-distribution
confidence, as shown in Figure 3a). Results of other RCNets
are provided in Supporting Note 3. Then, we evaluate the
classification across different RCNets. This time, we use other
subsets of structure types (Datasets #2−10) as the testing data
for RCNet #1 (note that its training is still on Dataset #1) to
measure the confidence value, which is called out-of-
distribution confidence (Figure 3a). This value is mainly
distributed between 0 and 0.1, sufficiently low to discriminate
the structures in other subsets from those in Dataset #1.
However, there is still a non-negligible possibility of the C
value reaching above 0.9 in this setting. It means that the
classification into a false subset of structure types will

potentially take place, which leads to an overall accuracy of
only 65.7% for the combinatorial classification of all RCNets.
This precludes us from using the confidence value alone for the
identification of the structure type. Therefore, we conceived a
reliability value as mentioned above that combines the
confidence value (which captures the characteristic patterns
of different structure types with sole reliance on a single
dataset) and the similarity value (which reinforces the
differentiation among all datasets based on the general feature
of XRD patterns). By variation of α, we can seek to optimize
the model performance (Figure 3b). With α = 0.7, a test
accuracy of 80.0% is reached for the classification task of
CrySTINet, which makes it a practical surrogate model to
replace the conventional labor-intensive trial-and-error process
in searching for the isoconfigurational structure of an unknown
compound. We note that after making this recommendation
for the isoconfigurational structure, additional processes using
rule-based pattern matching techniques could be further
incorporated to achieve XRD analysis as fine-grained as
possible.
A performance breakdown of the model for individual

structure types is presented in the confusion matrix in Figure
3c, where the top 30 most popular structure types are taken as
examples. The confusion matrix indicates the percentage of
trials of a given compound that can be classified into one of the

Figure 4. Model analysis via Grad-CAM. (a) The average XRD pattern over compounds belonging to one of the structure types (#1−#9) in
Dataset #1 and the average Grad-CAM heatmap for all of the compounds of Dataset #1 in RCNet #1. (b) The average XRD pattern over
compounds belonging to one of the structure types (#10−#14) in Dataset #2 and the average Grad-CAM heatmap for all of the compounds of
Dataset #2 in RCNet #2. (c) The XRD pattern of Fe1.10Mg0.75Mn0.15SiO4 in data set #1 and its Grad-CAM heatmaps in RCNet #2 when using
different 2θ ranges for structure-type classification: 5−110° (top), 5−65° (middle), and 65−110° (bottom). The use of 5−110 and 65−110°
ranges will lead to falsely high confidence values with this compound classified into a structure type in Dataset #2. In contrast, the 5−65° setting
yields a much reduced confidence value in RCNet #2, and the compound is correctly classified into Dataset #1, revealing that an attentional bias
toward the high-angle XRD peaks may cause misclassifications between datasets in the model. d, The accuracy of each RCNet as a function of the
angle region used for model training, demonstrating the indispensable role of high-angle XRD peaks in maximizing the accuracy for isolate RCNets.
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given structure types. The highest percentages fall into the cells
along the descending diagonal, meaning that most of the
classifications match the expectation. Misclassification gen-
erally occurs when two structure types belonging to different
datasets are alike, for example, GdFeO3-type perovskite in
Dataset #2 and Ba2LaRuO6-type perovskite in Dataset #8.
Nevertheless, our prior unsupervised clustering of the structure
types before model training can prevent the case where
numerous structures in one dataset are similar to those in the
other. Thus, we could see that the percentages of
misclassification between Datasets #2 and #8 are relatively
low (Figure 3d). This helps to improve the overall accuracy of
the CrySTINet model, especially for handling compounds with
diverse possible structure types.
We further examined the accuracy of CrySTINet for

experimentally measured XRD patterns. A total of 80 different
patterns of inorganic compounds were extracted from the
RRUFF database,50 and each of them has been manually and
unambiguously identified as belonging to one of the top 100
most popular structure types. With these compounds
employed for the examination, CrySTINet yielded an overall
accuracy of 81.3% (Supporting Note 4). Most of the correct
classifications are supported by a reliability value exceeding 0.9,
and the test involves diverse kinds of structures without any
constraint in the compositional space. Here, we have to
mention that some of the test data in the RRUFF database will
correspond to known compounds in ICSD and exhibit high
similarity to specific samples of the simulated XRD data. This
could lead to an overestimated accuracy in the experimental
test set. In spite of that, our results can validate the practical
applicability of simulated XRD dataset in establishing a robust
deep-learning model for the interpretation of experimentally
measured XRD patterns.
Prediction Interpretability. The interpretability of

predictions made by a neural network is essential for the
assessment of whether the high accuracy comes from the
proper extraction of discriminative features or from the
exploitation of artifacts in the data.51 To better interpret the
classification decisions of CrySTINet, we can rely on gradient-
weighted class activation mapping (Grad-CAM),52 which is
one of the best techniques for generating saliency maps, i.e.,
locating the attentional regions in the input feature space that
are relevant for positive predictions.38,52−55 The Grad-CAM
allows for visualization of the attention maps on a trained
CNN-based architecture and can be applied to XRD patterns
to highlight the most important angle regions where the model
mainly focuses on when developing a prediction.
RCNets #1 and #2 are taken as examples to illustrate the

prediction interpretability, as shown in Figure 4a,b. For the
dataset in RCNet #1, Grad-CAM identifies several angle
regions that are representative of significant difference among
the XRD patterns of all structure types (#1−#9) in Dataset #1.
Notably, the neural network shows particular attention across
the strong peaks at low 2θ angles (30−35°). In contrast,
RCNet #2 focuses primarily on the 55−85° region, with little
attention paid to the low-angle region. This can be rationalized
by the close similarity of the low-angle peaks (nearly identical
position and height) for all five structure types (#10−#14) in
Dataset #2. The ability of RCNets to automatically locate the
correct angle regions that underlie variation in XRD patterns of
different structure types is indicative that our model has
extracted informative features for the separation of categories
in the latent space. The importance of capturing the

informative features in XRD patterns has also been
demonstrated in recent studies for automating the discrim-
ination of specific structure types like perovskites.39

The Grad-CAM analysis could also bring transparency to the
model, providing insights into why it fails to reach a desired
level of accuracy without the incorporation of the similarity
value S. We exemplify this issue on Fe1.10Mg0.75Mn0.15SiO4 (its
simulated XRD pattern is shown in Figure 4c), which belongs
to the olivine structure type in Dataset #1. In an ideal case, a
high confidence value C is expected for RCNet #1, while low
values are expected for the others. However, RCNet #2
actually returns a confidence value of 0.97, exceeding that of
RCNet #1. Fe1.10Mg0.75Mn0.15SiO4 is therefore misclassified as
the GdFeO3-type perovskite structure type in Dataset #2 if we
rely solely on the confidence value. We note that the Grad-
CAM heatmap for Fe1.10Mg0.75Mn0.15SiO4 in RCNet #2
indicates a high attention weight in the 2θ range of 50−80°
(top heatmap in Figure 4c), which overlaps significantly with
that of the structure types in Dataset #2 (Figure 4b). This
suggests that the false classification is related to the high-angle
peaks of the pattern of Fe1.10Mg0.75Mn0.15SiO4. Here, we
attempted to verify the contribution of different angle regions
by masking portions of the input XRD pattern. When the range
of 65−110° is retained, the compound is still classified as the
GdFeO3-type perovskite structure type, and the Grad-CAM
heatmap shows a rather scattered distribution (bottom
heatmap in Figure 4c). In contrast, when the range of 5−65°
is retained, a correct classification into olivine structure type
can be reached, with Grad-CAM highlighting the peaks close
to 65° (middle heatmap in Figure 4c). The fact that truncating
the high-angle XRD peaks could be of benefit in reducing the
out-of-distribution confidence value for RCNets implies that
an overfocused attention of the network on high-angle peaks is
probably one of the main reasons behind the misclassifications
determined by the confidence value.
Actually, in conventional XRD analysis, the manual pattern

matching process is typically conducted by drawing the rough
analogy between the patterns of the unknown compound and
an existing compound with a focus on the strong peaks that
often emerge at low 2θ angles. The concentration of attention
on the low-angle region is also witnessed on submodels such as
RCNet #1 (Figure 4a), but sometimes the low-angle peaks in a
dataset are so similar in position and height that the model
attention has to be steered to high-angle peaks, such as RCNet
#2 (Figure 4b). We note that this is fully compatible with our
expert knowledge. Nevertheless, while in theory, the high-angle
peaks still carry sufficient information to differentiate all of the
structure types, the missing information from low-angle regions
indeed hampers the capability to identify out-of-distribution
samples (i.e., structure types not included in the training set for
this submodel) in the combinatorial classification of all
RCNets. The confidence value output by the network is
derived under such missing information, which could be a
major problem for improving the model accuracy. To mitigate
this problem, we may try tuning the 2θ range of the input data,
as inspired by the example of Fe1.10Mg0.75Mn0.15SiO4. However,
as shown in Figure 4d, the accuracy of some isolated RCNets
will be seriously compromised when the upper bound of the 2θ
range is set below 90°. Therefore, adjusting the 2θ range is
clearly not a viable solution. The above results also imply that
using a single large ResNet model instead of a union of
submodels will potentially lead to higher accuracy, but it would
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lose the ability to be conveniently adjusted and extended to the
additional datasets.
Alternatively, we try to employ a variable that carries

information about the global similarity between an unknown
compound and a structure type. This variable is the similarity
value S as mentioned above, which complements the
confidence value C and reinforces the differentiation among
different datasets of XRD patterns. We note that the
confidence value occasionally fails to reflect the peak
information in some angle regions, as demonstrated by the
Grad-CAM analysis above, while the similarity value never
does, because it is calculated from the whole XRD pattern of
the unknown compound (Figure 5). On the other hand, the

similarity value does not contain any bias with respect to the
characteristic XRD peaks that are deemed critical by the neural

networks, whereas the confidence value does. Moreover, the
similarity value could only serve as a remedy for the confidence
value because the latter performs better in an overall sense
(Figure 3b). Consequently, the combination of both variables
into a single score, namely, the proposed reliability value R,
could enable a more reliable quantification of the resemblance
between the unknown compound and a structure type and
therefore provides the potential for precise XRD interpretation
of unknown compounds using a union of submodels. To
further elaborate on this, we have performed ablation tests to
decouple the contribution of every RCNet to the model
accuracies with α = 0 and 0.7 (Supporting Note 5). It turns out
that when RCNet #2 is eliminated from the model of α = 0, an
increase in the accuracy of ∼17% is achieved on Dataset #1.
However, this value drops to ∼4% with α = 0.7, meaning that
misclassifications between RCNets #1 and #2 are substantially
reduced. Hence, the capture of information on both character-
istic and general features of XRD patterns, which not only
circumvents the overwhelming bias in favor of specific angle
regions but also well accommodates the domain expertise in
XRD analysis, can enable efficient optimization of the model
for structure-type identification.
Compounds Not Belonging to the Popular Structure

Types. While CrySTINet adopts an architecture that can
conveniently incorporate additional categories, it is essential to
know when we need to do so in practical application. This can
be translated into a problem of distinguishing between
materials in and out of the top 100 most popular structure
types. Here, we use a simple screening step according to the
highest R-value (Rmax) outputted by all RCNets for an input
XRD pattern. When Rmax is higher than a threshold (R0), then

Figure 5. Schematic representation of the combinatorial use of
confidence value and similarity value. The color bars reflect the degree
of attention.

Figure 6. Identification of compounds not belonging to the top 100 most popular structure types. (a) Average reliability values for compounds
belonging to the top 100 most popular structure types. (b) Average reliability values for compounds belonging to the top 101−110 most popular
structure types. (c) Classification accuracy of CrySTINet for distinguishing compounds not belonging to the top 100 most popular structure types.
R0 corresponds to the threshold in the screening step.
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the input can be classified as belonging to the top 100 most
popular structure types (in-distribution); otherwise, it is
classified as belonging to other structure types (out-of-
distribution). Here, we use the No. 101−110 most popular
structure types for the test. As shown in Figure 6a,b, the
samples belonging to the top 100 most popular structure types
provide an average Rmax much higher than that of the No.
101−110 most popular structure types. The accuracy of binary
classification between in-distribution and out-of-distribution
samples as a function of R0 is provided in Figure 6c. A high
accuracy of 89.1% is reached at R0 = 0.6, indicating that this
simple screening step is quite effective in distinguishing
materials not belonging to the top 100 most popular structure
types.
Hence, if an unknown material outputs an Rmax higher than

0.6, it can be classified as belonging to the top 100 most
popular structure types. Then, CrySTINet predicts the exact
structure type (among the 100 categories) for this unknown
material with an accuracy of 80.0%. This unknown material
could be a solid-solution compound that has not been
documented yet or a new phase that has a crystal structure
closely related to an existing compound among the 63,963
ICSD entries considered in our work. On the other hand, when
the Rmax is lower than 0.6, we need to identify the structure
type via a manual pattern matching process. Then, we can
decide whether we should train and incorporate an additional
RCNet into the framework so that CrySTINet would be able
to analyze this kind of material afterward.

■ DISCUSSION
So far, most of the previous deep-learning models for crystal
structure assignment from XRD patterns were confined to a
particular compositional space, and once the composition is
changed, the entire model has to be restrained, thereby risking
a reduction in prediction accuracy. Furthermore, they are often
restricted to the classification of existing compounds and can
hardly be generalized to compounds outside their databases.
Although some recent studies succeeded in symmetry
classification in a large chemical space, it is hardly feasible to
utilize these prior models for phase identification because the
phases/structures of all of the inorganic compounds are much
more numerous than their space groups.56−59 To solve these
issues, it is required that the model be extensible according to
the need of the task. The ResNet-based structure-type
prediction protocol introduced in this work is developed
based on the above idea, using a carefully designed parameter,
reliability value, to tackle the challenge. The CrySTINet model
is much more convenient for retraining than the conventional
large-scale CNN models because only the training of a single
submodel, i.e., an RCNet, would be required. This convenience
does not sacrifice the accuracy too much, as demonstrated in
the example of the top 100 most popular structure types in
ICSD, covering a compositional space much larger than those
of the previous studies concerning autonomous phase
identification. These merits make CrySTINet a practical tool
for material structure determination through the pipeline of
material discovery in self-driving laboratories.
Additionally, with the present model serving as the

structure-type recommendation platform, a combination with
the Rietveld refinement method, as well as the deep-learning
algorithms in previous studies on precise phase identifica-
tion,15,36 is therefore advocated to offer more robust XRD
interpretation, especially in the analysis of multiphase mixtures.

Drawing inspiration from the recent development of multi-
modal learning,60,61 another intriguing future direction for
autonomous XRD interpretation could be to integrate domain
knowledge from multiple information sources including
textual,62−64 image,65,66 and other types of data into the
deep-learning model.
Another thing worth mentioning is that there are a lot of

duplicates in ICSD, i.e., similar entries corresponding to a
slight difference in stoichiometry, temperature, and neutron/X-
ray sources. Duplicates in both training and validation sets will
lead to the problem of information leakage, which may
overestimate accuracy and result in the poor generalizability of
the model. However, removal of the duplicates always requires
some parametric thresholds, and the setting of these thresholds
is highly subjective and ambiguous, which makes it a
challenging task to apply deduplication of ICSD to the field
of XRD interpretation since the XRD patterns could be very
sensitive to the perturbation of crystal structures. Because our
data augmentation process can to some extent reduce the scale
of similarity between duplicates, we find that the problem of
information leakage in this work is not very serious and that its
influence on the analysis of unknown materials is quite limited
(Supporting Note 6). Nevertheless, we still concur with the
need for future research on a standardized duplicate detection
method (probably via machine learning) to solve this thorny
problem.
The remaining challenges in deep-learning-based analysis of

XRD data pertain to the collection of experimental datasets for
fine-tuning of the model. We note that simulated XRD patterns
are employed for training in this work and in previous reports,
and it is questionable whether these patterns can span the
diversity present in real experimental measurements. Although
the results here show that a model trained on simulated data
can generalize well to experimental data, its performance is still
not guaranteed. Moreover, there is also a trade-off between the
diversity and uncertainty in experimental data. We believe that
an active learning protocol established on an automated
experimental data acquisition system would be a prime target
for future research on the autonomous deciphering of
unknown materials.
As a final remark, we note that while applying CrySTINet for

material discovery in self-driving laboratories could give a
better chance of identification of new compounds, this model
is not capable of confirming whether the unknown material has
a new crystallographic structure. CrySTINet can identify a
compound that does not belong to specific common structure
types as long as the compounds of these structure types have
been included in training. However, as it is hardly applicable to
incorporate all existing structure types into a single model, we
cannot rule out the possibility that the material investigated
actually corresponds to an existing ICSD entry with a less
common structure type. Nevertheless, CrySTINet could still
facilitate material discovery by differentiating compounds that
are analogous to existing ones but with different compositions.
It can accommodate the cases of compositional disorder (i.e.,
with the fractional occupancy of crystallographic positions), a
facet that has been rarely addressed in previous studies for the
goal of autonomous crystal structure assignment, especially in a
wide compositional range. Actually, the trouble of a composi-
tional disorder, along with the generally poor prediction
accuracy for multiphase samples, has recently raised a debate in
the community as to whether artificial intelligence could truly
enable material discovery by replacing the conventional
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human-operated analysis of characterization data.67,68 There is
no doubt that the material analysis step has become a decisive
ingredient for the success of automated laboratories in the area
of inorganic synthesis. To further advance this important field,
it would be prudent to fund efforts to extend our proposed
framework of multiple submodels to the design of deep-
learning methods for the unsupervised Rietveld refinement,
which is now a major bottleneck to the reliable screening of
novel materials in automated laboratories.

■ CONCLUSIONS
In this work, we introduced a deep-learning model,
CrySTINet, that is capable of identifying the structure types
for unknown compounds from XRD patterns. This computa-
tional tool could be incorporated as a component for XRD
interpretation of materials discovered in high-throughput
experimentation. Being based on a union of neural networks,
CrySTINet is extensible with respect to the collections of
structure types employed according to the need, and this
extension does not require the retraining of existing networks,
making it possible to envision a translational application of the
model in various material domains with minimal need for
modification. Our results give a working example using the top
100 most popular structure types in ICSD to verify the
accuracy achieved by the model. In addition, with the aid of
Grad-CAM, we looked into the deep-learning black box and
disclosed the essential role of a balance between characteristic
and general or, in other words, local and global�features in
quantifying the similarity between two patterns, which could
reduce the misclassifications resulting from overfocused
attention on specific angle regions by the neural networks.
We believe that this tactic can spur future studies on deep-
learning models for the automated analysis of XRD patterns as
well as spectroscopic measurements including infrared spectra,
Raman spectra, and nuclear magnetic resonance.

■ METHODS
Dataset of Simulated XRD Patterns. The information on the

structure type was extracted from the crystallographic information
files (CIFs) included in ICSD.47,48 This process was streamlined by a
Python program, and the data were stored in an SQLite database.
Among the 182,674 inorganic compounds in ICSD, 37,274 entries
were excluded here due to the lack of structure-type information in
their CIFs. The remaining 145,400 compounds were assigned to 9384
structure types, among which the top 100 most popular structure
types were employed to set up the CrySTINet model in our work.
This corresponds to a total of 63,963 compounds, accounting for 44%
of all compounds. The structure types of the remaining compounds in
ICSD are very diverse, with each type mostly having less than 100
entries of inorganic compounds. The representative crystal structures
for the top 100 most popular structure types are displayed in
Supporting Table 1.
The XRD patterns (in a 2θ range of 5−110°) of all of the 63,963

compounds were simulated according to their structural information
in CIFs. To add some experimental complexities to the simulated
patterns, data augmentation was performed similarly to a previous
study36 by adding small changes to existing data or creating new
synthetic data from existing ones. More specifically, we altered the
physical information on crystal structures by imposing strain along
each crystal axis, which results in shifts in peak position. We also
considered variations of peak width and peak intensity to mimic the
effects of grain size and preferred orientation, respectively. Moreover,
random noise signals were introduced to the background, which could
lead to a slightly ragged curve like that obtained in experiments. After
the above procedure, we randomly chose around 10 patterns for each

compound. For the less popular structure types (i.e., they are
composed of fewer compounds), the number of selected patterns for
each compound would be relatively higher so as to reach a better
balance in dataset size among different structure types. Finally, the
dataset for training and evaluation of our model was augmented to
617,041 simulated XRD patterns.
As the CrySTINet model is composed of 10 RCNets in this study,

the top 100 most popular structure types were partitioned into 10
groups, and the compounds in each group were used as the dataset for
training one specific RCNet. To increase the difference between any
two of the 10 datasets, we relied on the unsupervised clustering
according to the average XRD patterns of the 100 structure types. The
average XRD pattern for a structure type was calculated by averaging
over all of the simulated patterns after data augmentation for the
compounds corresponding to this structure type. The vector of the
average XRD pattern was downscaled to two dimensions via Uniform
Manifold Approximation and Projection (UMAP),69,70 which is a
nonlinear dimensionality reduction algorithm based on stream shape
learning. The affinity propagation clustering algorithm71 was
employed to divide the dataset into 10 heaps, as depicted in
Supporting Figure 1. From the clustering results as well as a careful
inspection of all of the 100 structure types, we found 9 pairs of species
that exhibit particular similarity in the crystal structure for each pair,
as illustrated in Supporting Figure 2. To attain a higher accuracy in
the structure-type identification, the two species in each pair were
merged in the classification task during both training and evaluation of
the model.
Experimental XRD Patterns. We extracted 80 XRD patterns

from the RRUFF database,50 all of which belong to the top 100 most
popular structure types. These experimental patterns exhibit irregular
background noises that may obscure or even mask the true diffraction
signal, affecting the accuracy of qualitative and quantitative XRD
interpretation. To remove the background noises, we used the
adaptive iteratively reweighted penalized least-squares method,72

which can solve the background noise estimation without any user
intervention. The patterns were further smoothed via the Savitzky−
Golay filtering73 to minimize the effects of noises and interference
while preserving the characteristic peaks. The RRUFF IDs of all of the
patterns employed in this work are tabulated in Supporting Table 4.
Model Architecture and Training Details. The CrySTINet

model in this work is composed of a union of RCNets, which are
based on the ResNet architecture.46 Each RCNet consists of an initial
convolutional layer, 16 residual blocks, and a final fully connected
classification layer. Each residual block contains 2 convolutional layers
and a pooling layer. The detailed configuration of this neural network
is given in Supporting Table 3. The network was optimized using the
Adam optimization algorithm74 as the optimizer, with cross-entropy
loss and confidence loss as the loss functions. 1024 XRD patterns
were used each time as the minibatch to train a total of 400 epochs
with a learning rate of 0.001. The ratio of training, validation, and
testing data size was set to 7:1:2 for all of the simulated XRD datasets
in this work. The XRD patterns were fed into the RCNets as one-
dimensional vectors with a length of 5250, and after passing through
the residual blocks, they were fed forward into a prediction module
containing a prediction branch and a confidence branch. The
prediction branch outputs the predicted category, while the
confidence branch outputs the confidence value. The accuracy
corresponds to the cases when a new material, which we know
belongs to the top 100 most popular structure types, is correctly
classified in the right one among these categories. All RCNets were
implemented and trained on a laboratory GPU computing cluster,
which consists of 62 nodes, each containing an 8-core Intel(R)
Xeon(R) CPU E5−2623 v4 and 4 Nvidia GeForce GTX 1080
graphics cards. In terms of software, all codes in this paper are in
Python, and the deep-learning model was built based on the Pytorch
framework version 1.7.1. Based on the above hardware and software
platforms, the average training time for completing 400 epochs is
around 100 min.
Class Activation Mapping. Gradient-weighted class activation

mapping (Grad-CAM) was used in this work for a visualization of the
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weights of the neural network, highlighting the regions of the input
patterns to reflect the interest of the RCNets. With Grad-CAM, we
can intuitively comprehend the working logic of the neural networks.
First, we calculated the gradients of the last convolutional layer
flowing into the network to assign the values of importance to each
neuron for specific attention decisions. Then, the importance weights
of the filters of the last convolutional layer were generated by the
global average pooling of the gradients, and each filter was multiplied
by its importance weight to generate the Grad-CAM heatmap. The
Grad-CAM heatmap for a structure type was obtained by averaging
the heatmaps for all of the compounds involved in this class. The
resolution of the Grad-CAM heatmap is consistent with the
dimension of the input vector of an XRD pattern.
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