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Abstract 

Determining the crystal structures of inorganic crystalline materials is crucial as the structures 

encode essential information about their physical, chemical, and mechanical properties. Powder X-

ray diffraction is one of the most widely used structural characterization techniques. However, 

determining crystal structure directly from experimental powder X-ray diffraction patterns can be 

challenging and requires significant crystallographic knowledge, which still heavily relies on 

manual inspection by human experts. Even the state-of-the-art databases contain thousands of 

entries with incomplete or implausible crystal structure information. In this work, we trained a 

diffusion model based on equivariant graph neural networks that can infer atomic coordinates from 

powder X-ray diffraction patterns. Starting from a random guess, our model iteratively refines atom 

coordinates until it reaches a chemically reasonable structure that matches the target diffraction 

pattern. Our approach is both efficient and accurate. It takes on average 0.6 seconds to solve the 

atomic positions per crystal structure, which is several orders of magnitude faster than previous 

approaches. The success rate reaches 82.3% and 81.6% on the simulated and experimental 

diffraction datasets, respectively. We revisited energetically unfavorable crystal structures in the 

database and demonstrated that our model can propose more plausible structure solutions for 39 

mailto:zhuyizhou@westlake.edu.cn


 2 

entries. We also suggested 912 complete crystal structure models for entries in the database lacking 

all or partial atomic positions, including entries that contain light elements, are natural minerals, or 

exhibit chemical disorder lattice sites. We demonstrated that conditional equivariant generative 

model can tackle the structure determination problem and provide high-quality structure models 

for inorganic crystalline materials, paving the way for automated structural analysis of diffraction 

patterns in autonomous materials development loops.  

 

Keywords: Crystal structure; X-ray diffraction; Equivariant graph neural network; Generative 

diffusion model 
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X-ray diffraction (XRD) is one of the most widely used structural characterization techniques for 

inorganic crystalline materials. Since Bragg’s law was first proposed in 1912, X-ray 

crystallography has become a fundamental tool that has revolutionized many scientific fields, 

including mineralogy, geology, chemistry, biology, and materials science1. As a core structural 

characterization technique, X-ray crystallography plays a pivotal role in studying the structure-

property relationship of materials. The earliest batch of crystal structures solved by XRD used 

single-crystal samples2,3, which are not always readily accessible. Soon after, powder XRD (PXRD) 

techniques were developed to analyze polycrystalline samples, significantly reducing sample 

preparation requirements. Beyond phase identification, PXRD is also used to extract information on 

texture, lattice parameters, grain size, and crystallinity. These advantages make PXRD one of the most 

widely used structural characterization techniques for inorganic crystalline materials. 

However, determining crystal structure directly from PXRD patterns is challenging. When 

diffraction patterns are collected from polycrystalline samples, the three-dimensional atomic spatial 

information is compressed into one-dimensional pattern, resulting in a significant loss of information. 

In most scenarios, PXRD is used jointly with large diffraction or structure databases, such as the 

International Centre for Diffraction Data (ICDD) and the Inorganic Crystal Structure Database (ICSD). 

If the acquired PXRD patterns match any existing patterns within the database, the phase identity is 

revealed. If not, it becomes necessary to infer the crystal structure directly from the PXRD pattern, a 

difficult task requiring domain knowledge of crystallography and solid-state chemistry.  

A reasonably inferred crystal structure model should meet two requirements: chemical 

reasonableness and matching the target PXRD patterns. Chemical reasonableness requires that the 

crystal structures adhere to explicit and implicit rules of chemical bonding and atomic arrangement. 

Pattern matching involves determining whether the reconstructed pattern matches the target pattern 

while considering various factors, such as texture, background noise, sample size, and X-ray 

polarization. Therefore, ab initio crystal structure determination from PXRD patterns has long been a 

manual task that heavily relies on the expertise of human experts, during which determining atomic 
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coordinates is one of the most crucial and challenging steps. The traditional approach generally 

involves first determining the lattice parameters and possible space groups, then exploring 

reasonable combinations of atom coordinates, and finally performing Rietveld refinement. 

Specifically, determining atomic coordinates usually relies on prior knowledge, prerequisite 

information, and the expertise of expert crystallographers. As a result, for complex structures or 

those lacking prior information, even experienced crystallographers may require multiple rounds 

of tedious trial-and-error attempts to arrive at the correct structure. Besides, most researchers who 

perform PXRD analysis focus on specific materials of their interests rather than crystallography. 

In these cases, structural analysis based on PXRD could be challenging, potentially resulting in 

incomplete, controversial, or even incorrect solutions. For example, the ICSD database, which is 

the largest database for completely identified inorganic crystal structures, contains about 300,000 

entries. However, a previous study suspected that among the unique entries with ordered structures, 

about one-fifth may be spurious4. The ICDD database, one of the most widely used diffraction 

databases, contains more than 480,000 sets of inorganic diffraction data5. Nevertheless, it also 

includes tens of thousands of entries without atomic coordinates in their associated structures 

(Supplementary Table S1). Given that these two databases already represent cutting-edge resources 

for structural data on inorganic materials, developing efficient and accurate approaches to solve 

crystal structures from PXRD is urgently important. 

Apart from the traditional method solely relying on the experience and intuition of 

crystallographers, several alternative approaches have been proposed to tackle the challenge of 

structure determination from PXRD patterns, including structure optimization algorithms6-9 and 

database-based prototype search methods10. Density functional theory (DFT) calculations are 

commonly used to select plausible solutions among candidates. FPASS employed a DFT-supported 

genetic algorithm for automatic crystal structure solutions based on given PXRD patterns, 

stoichiometry, and space group6. Evolve&Morph combined a DFT-supported evolutionary 

algorithm with crystal morphing to optimize structure solutions from initial random guesses8. 
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However, these approaches typically require hundreds to thousands of DFT calculations to solve a 

single structure, which is computationally expensive. Besides, they require predetermined space 

group information, which may be unavailable or unreliable11. For database-based methods, 

Griesemer utilized prototypes as initial guesses to solve about 500 previously unsolved compounds 

from experimental PXRD patterns in ICDD10. Nevertheless, the effectiveness of this approach is 

limited by the availability and reliability of known structural prototypes. 

Recently, machine learning approaches, particularly generative diffusion models, have provided 

a new paradigm for materials structure generation12-15. Xie et al. built the Crystal Diffusion Variational 

Autoencoder (CDVAE), which employs score matching to generate realistic crystal structures by 

learning from the data distribution of known stable materials12. Without any predefined prototypes, 

CDVAE shows its ability to generate valid and diverse crystal structures that captures the physical 

inductive bias of material stability. Equivariant diffusion can effectively preserve reflection, 

translation, rotation, and mirror symmetries12-16, enabling generation of physically reasonable 

crystal structures. Such equivariant denoising models were employed to generate inorganic crystal 

structures12,14,15 and molecules13,16, and showed remarkable performance. Besides generating crystal 

structures without constraints, conditioning diffusion models allow crystal generation with desired 

chemistry, mechanical, electronic, or magnetic properties, paving the way towards generative AI-

assisted materials design paradigms. Recently, Lipson et al. proposed a generative diffusion model, 

PXRDnet, to determine the crystal structures from nanocrystalline powder diffraction patterns17. 

This approach addresses the challenge of peak broadening effects due to nanosize crystallites, and 

solved 200 structures of varying symmetry and complexity from simulated nanocrystalline PXRD 

patterns. Consequently, the conditional equivariant diffusion model holds tremendous potential for 

determining atomic coordinates under PXRD pattern conditions.  

In this work, we introduce XRDSol, an equivariant diffusion model that can propose crystal 

structure solutions based on given PXRD patterns. Besides the diffraction patterns, XRDSol 

requires only stoichiometry and unit cell as inputs, and can reasonably infer atomic coordinates 
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without human intervention. By taking advantage of the equivariance inherently implemented in 

the model, the reflection, translation, rotation, and mirror symmetries in crystal structures are 

guaranteed in solutions. XRDSol takes, on average, about 0.6 seconds to provide a crystal structure 

solution based on a given PXRD pattern, making it approximately 104‒105 times faster than 

previous works6-8. The success rate of XRDSol is 82.3% on the simulated PXRD test dataset (MP-

20), and 81.6% on the experimental PXRD dataset (ICDD-20). We revisited hundreds of previously 

solved (mostly by human experts) but energetically unfavorable structures, and XRDSol 

successfully provides more plausible structure solutions for at least 39 entries from ICSD. 

Moreover, for 912 ICDD entries without documented atomic coordinates, XRDSol is able to derive 

structure solutions from PXRD patterns, and we verified that these solutions are highly plausible 

with both DFT calculations and manual inspections. The performance of XRDSol is robust across 

different chemistry systems, including those involving light-element materials, natural minerals, 

and structures with substitutional disorder. Such performance demonstrates that successfully 

trained equivariant diffusion models can implicitly learn crystallographic knowledge, and can be 

deployed to provide crystal structure solutions based on PXRD patterns, paving the way for 

automated, efficient, and accurate structural analysis for inorganic materials.  

Results and discussion 

Conditional Equivariant Diffusion for Crystal Structure Solutions 

Solving crystal structures from PXRD patterns typically begins with determining lattice parameters 

and identifying space group, both of which are relatively well-established tasks18-20 if the pattern 

has reasonable resolution and especially when the unit cell is not large. The information on the 

number and type of atoms within the determined unit cell can also be obtained using well-

established techniques. However, determining atomic coordinates could be challenging due to the 

vast number of possibilities in the configurational space. Our XRDSol is specifically designed to 
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address this challenging step of determining atomic coordinates.  

The training of XRDSol includes a forward noising process and a reverse denoising process 

(Fig. 1a and Fig. S1). In the forward noising process, we disrupt the atomic arrangement of a known 

crystal structure S0 within its unit cell by applying random displacements with gradually increasing 

noise level over 1000 steps (t = 0 – 1000). To account for the periodic invariance of the crystalline 

materials, the random displacements were set to follow a wrapped normal distribution in all three 

lattice dimensions during the forward process. At the noise limit, atoms in structure ST acquire 

random atomic coordinates. In the reverse denoising process, the model is trained to restore the 

atomic coordinates from ST to S0 with the guidance of target PXRD patterns. The PXRD patterns 

are compressed into a feature space using a neural network architecture, and then mapped to nodes 

feature distribution in an equivariant graph neural network, which predicts the atomic coordinates. 

Since our training set (MP-20) consists of thermodynamically stable structures, the model 

implicitly learns crystallographic knowledge throughout the denoising process. Consequently, it 

can provide structures that are both chemically reasonable and match the target PXRD patterns, 

thus enabling crystal structure determination from PXRD patterns.  

After successful training, the model is then capable of using given PXRD patterns to infer the 

correct crystal structures from random initial guesses through the denoising process. We illustrate 

this process using Eu2CrSbO6 (mp-1516449) from the MP-20 dataset as an example (Fig. 1b). 10 

atoms (2 Eu, 1 Cr, 1 Sb, and 6 O atoms) with random atomic coordinates were initialized in a 

primitive cell (a = b = c = 5.67 Å, α = β = γ = 60°). We use cosine similarity Rcos to quantify the 

consistency between the target and reconstructed PXRD patterns (more details in SI). The randomly 

initialized structure differs significantly from the ground truth structure, reflected by a low Rcos of 

0.315. Under the corresponding PXRD pattern condition, the atomic positions are iteratively 

denoised, and the simulated PXRD pattern gradually aligns with the target pattern. At t = 300, the 

intermediate reconstructed structure still shows unreasonable atomic coordinates and a dissimilar 

PXRD pattern (Rcos = 0.488). By t = 600, the Rcos increases sharply to 0.981, indicating closer 
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alignment with the target structure. Finally, at t = 1000, the resulting crystal structure has an 

extremely high Rcos of 0.999, demonstrating excellent reconstruction performance guided by the 

target PXRD pattern. The reconstructed crystal structure also closely resembles the target structure 

(Fig. S2). In this way, a successfully trained model can reconstruct a reasonable crystal structure 

based on a given PXRD pattern. 

 

 

Figure 1. Equivariant diffusion-based crystal structure solution from PXRD patterns (XRDSol). 

(a) The training process of XRDSol consists of a forward noising process and a reverse denoising 

process. In the forward process, we disrupt the atomic arrangement within the unit cell of a stable 

crystal structure by applying random displacements with a gradually increasing noise level, 

resulting in completely random atomic positions at the noise limit. In the reverse process, the model 

is trained to recover the atomic positions by removing the random displacements we applied. 
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During this process, the target PXRD pattern is used as a condition, and the model aims to recover 

the crystal structure while also matching the target PXRD pattern. (b) Eu2CrSbO6 (mp-1516449) 

as an example to illustrate the evolution of crystal structure from random initialization to the final 

solution during the denoising process. The initial structure consists of 10 atoms in a given unit cell 

(2 Eu, 1 Cr, 1 Sb, and 6 O atoms) with random atomic coordinates (a = b = c = 5.67 Å, α = β = γ = 

60°). During the solution process, the atomic coordinates are iteratively updated over 1000 steps, 

progressively leading to the correct crystal structure while matching the target PXRD patterns as 

well. Two intermediate reconstructed structures at t = 300 (Rcos = 0.488) and t = 600 (Rcos = 0.981) 

are shown to illustrate the solving process. Finally, at t = 1000, the reconstructed Eu₂CrSbO₆ crystal 

structure matches the ground truth, and the reconstructed PXRD patterns closely resemble the target 

patterns (Rcos = 0.999). 

Ultrafast and High-Quality Crystalline Materials Reconstruction 

We evaluated the performance of XRDSol in terms of efficiency and accuracy. The test dataset 

contains 9046 set-aside unseen crystal structures in the MP-20 dataset. Starting from a randomly 

initialized structure, XRDSol reconstructs the crystal structure with a simulated PXRD pattern as a 

condition. The average solution time is only 0.6 seconds per crystal structure with a batch size of 

128 on a single NVIDIA V100 GPU (Fig. S3). In contrast, previous approaches that start from 

randomly initialized structures but are based on evolution algorithms or particle swarm 

optimization8,21, typically use a runtime of 0.5 to 1 day and require multiple DFT calculations8 to 

solve a single structure. Our XRDSol is about 104 to 105 times faster than the previous works6-8 

without using any database or first principles calculation (Fig. 2a). Furthermore, we evaluated the 

accuracy of both the reconstructed crystal structures and their reconstructed PXRD patterns in the 

test dataset. Compared to the ground truth, 91.5% of the reconstructed PXRD patterns exhibit a 

high similarity to the target patterns, with an Rcos exceeding 0.9, and the average Rcos reaches 0.974 

(Fig. 2b).  
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Structural reasonableness is an important metric to assess the quality of crystal structure 

solutions from PXRD patterns. To evaluate the quality, we compared the reconstructed crystal 

structures to the ground truth solutions from the test dataset. A reconstruction is considered 

successful only if site-to-site matching is achieved and the maximum distance between all paired 

atomic sites (MaxDist) falls below a specified threshold. For all successfully reconstructed 

solutions, we also computed the scaled root mean square distance (sRMS) between the original and 

reconstructed crystal structures to quantify the accuracy of the reconstruction. All these structure 

analysis were performed with pymatgen and a typical threshold for MaxDist is chosen as 0.522. 

XRDSol successfully restored the atomic coordinates of 82.3% of structures in the MP-20 test 

dataset (Fig. 2c). Furthermore, the reconstructed crystal structures from XRDSol generally exhibit 

low sRMS values. The average and median of the sRMS are 0.024 and 0.006, respectively (Fig. 

2c). Furthermore, we also calculated the root mean square deviation (RMSD) of atom positions to 

reflect the reconstruction quality of the crystal structures (Fig. S4). 72.15% of the structures 

achieved an RMSD less than 0.1 Å and 78.13% achieved an RMSD less than 0.3 Å. Among the 

structures with RMSD < 0.1 Å, the mean RMSD is 0.0215 Å, the median RMSD is 0.0129 Å, the 

first quartile is 0.0024 Å, and the third quartile is 0.0325 Å. These results confirm that most of the 

reconstructed crystal structures align well with the original ones. Such performance indicates that 

XRDSol is capable of reconstructing high-quality structures based on the given PXRD patterns. 

We showcase six materials from different chemical systems (K2NaYCl6, Li5SbS, CaEuNbFeO6, 

CuNi, CsYbBr3, and InGa(AgTe2)2) as examples (Fig. 2d). These examples contain 2 to 5 different 

elements in the unit cell, covering halides, sulfide, oxide, intermetallic, and tellurite. XRDSol 

successfully inferred the correct crystal structure for all of them, highlighting its robust and 

excellent performance across various chemical systems. Furthermore, quantitative evaluation 

reveals that XRDSol’s strong dependence on structural symmetry, with higher success rates for 

high-symmetry crystals (e.g., 97.7% success rate for cubic) compared to low-symmetry ones (e.g., 

48.5% success rate for triclinic). This performance trend across all seven crystal systems and 
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individual space groups is detailed in Fig.S5 and S6. 

 

Figure 2. Speed and accuracy performance of XRDSol on MP-20 test dataset. (a) Comparison of 

solving speed (solutions per day) between XRDSol and three other baseline models, including 

AXS7, FPASS6, and Evolv&Morph8. (b) Distribution of Rcos for 9046 structures solved by XRDSol 

in the MP-20 test dataset, reflecting the reconstruction quality of the PXRD patterns (c) Distribution 

of sRMS between the original structures and those successfully solved by XRDSol, reflecting the 

crystal structure reconstruction quality. (d) Visual verification of six reconstructed crystal structures 

compared to their original counterparts.  
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that some of these structures, previously solved and reported by human experts, are probably 

incorrect or incomplete, due to unreasonable or partially missing atomic positions. We revisited 

these high-energy structures sourced from ICSD, all of which contain no more than 20 atoms in the 

primitive cell and their Ehull are higher than 0.1 eV/atom (Table S2). The workflow of revisiting 

high-energy structures from ICSD is shown in Fig. S7. Calculated PXRD patterns were used as 

inputs to see if XRDSol can propose more reasonable or complete structures that are energetically 

favorable. At least 39 structures proposed by XRDSol have a reasonable pattern match and Ehull 

lower than 0.1 eV/atom, suggesting that these structures are highly plausible (Supplementary Table 

S3‒S4, Fig. S8‒S16). We manually inspected these structure solutions with a few representative 

examples analyzed below. 

 HoGeAg is an intermetallic compound with Ho ions forming a distorted Kagome lattice, 

leading to the frustrated spin ice state23,24. An earlier report based on neutron diffraction claimed 

that silver occupies two distinct Wyckoff positions, while 3 germanium atoms are symmetrically 

equivalent24. However, the Ehull of this originally reported structure is 0.17 eV/atom, extremely high 

for an intermetallic compound. XRDSol proposed a different structure from the original one, in 

which Ho and Ag atoms arrange in alternating layers and occupy 3f and 3g Wyckoff positions, 

respectively. Ge occupies two distinct Wyckoff positions, 1a site within the Ho plane, and 2d sites 

within the Ag plane. Our proposed structure agrees with a recent literature report23 (RMSD = 0.04 

Å) (Fig. S17), and it is predicted as a stable compound based on first principles calculations (Ehull 

= 0 eV/atom), suggesting the solution is highly plausible.  
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Figure 3. Examples of revisited entries in the ICSD database that originally associate with 

energetically unfavorable crystal structures, with original crystal structures on the left, and the 

reconstructed crystal structures on the right. Examples include (a) entries that likely have incorrect 

atomic arrangements in the unit cell, and (b) entries associated with incomplete crystal structures 

missing light elements, such as hydrogen.  
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Ehull of 0.16 eV/atom. It was not until half a century later, in 2018, that this hexafluorideplumbate 

was experimentally revisited with its crystal structure corrected26. This revisited structure perfectly 

matches the PXRD profile obtained from the experiment with no unindexed peaks, suggesting its 

correctness. The crystal structure proposed by XRDSol is identical to the later corrected one with 

RMSD of 0.08 Å (Fig. S18), and is predicted to be a stable compound (Ehull = 0 eV/atom). The 

corrected structure belongs to space group P42/mcm, in which Sr is eight-coordinated instead of 

ten-coordinated by F. This example demonstrates the capability of XRDSol to propose structures 

with more chemically reasonable coordination environments. 

 Half-Heusler is a group of ternary intermetallic compounds, among which many are 

promising thermoelectric materials. Three equal molar elements form three interpenetrating face-

centered cubic sublattices, and only one element is eightfold coordinated. There are two types of 

half-Heusler materials, with anion (MgAgAs-type) and cation (MgCuSb-type) occupying the eight-

coordinated site, respectively. Correct assignment of lattice sites is crucial to understand their 

structure-property relationships27. Among the ICSD entries we investigated, XRDSol proposed 

different lattice site assignments for 10 half-Heusler compounds, including NbRhSn, TiNiSn, 

ZrPdSn, HfPtSn, HfRhSb, NiTiSb, HoPdSb, TmSbPd, MgCuSn, and MgAgAs. The Ehull of the 

original structures range from 0.170 eV/atom to 0.704 eV/atom. In contrast, structures proposed by 

XRDSol exhibit much lower Ehull, ranging from 0 eV/atom to 0.079 eV/atom, suggesting solutions 

from XRDSol are more plausible. 

CsIO3, a covalent perovskite material28, was first reported in 1928 with a cubic perovskite 

structure in the Pm3̅m space group, where Cs occupies the six-coordinate B-site29. The calculated 

Ehull of this original structure is extremely high at 1.97 eV/atom. In contrast, our solution from 

XRDSol exhibits a much reasonably lower Ehull of 0.02 eV/atom. The larger Cs cations are moved 

to twelve-coordinate A-sites. Our structure solution is very close to the recently synthesized and 

experimentally characterized structure from a single crystal with RMSD of 0.28 Å (Fig. S19)30, 

validating its plausibility.  
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NbP was first characterized by PXRD in 1954 and reported as centrosymmetric with I41/amd 

space group. It contains a very uncommon four-fold square planar coordination for Nb and P. DFT 

calculation reveals an extremely high Ehull of 0.6 eV/atom, further raising doubts about the validity 

of this structure. In contrast, XRDSol suggests a non-centrosymmetric structure with a different 

space group I41md, where Nb is in a trigonal prismatic coordination environment with six P atoms. 

DFT calculation confirms this proposed structure is stable (Ehull = 0 eV/atom), and it agrees with a 

few other literature reports31-33. In particular, our solution matches that reported by Zhao et al. with 

RMSD of 0.07 Å (Fig. S20)33. 

Locating hydrogen atomic coordinates is an intricate task due to their weak scattering property, 

heavily dependent on the crystallographer’s expertise. Typically, people choose to combine other 

characterization techniques, such as neutron scattering, with PXRD to determine the positions of 

hydrogen atoms, as it is very challenging to determine hydrogen atom positions solely based on the 

PXRD pattern. For hydrogen-containing materials, XRDSol can determine the positions of other 

heavy atoms while suggesting the most reasonable and likely positions for hydrogen atoms based 

on its embedded crystallographic knowledge. Here, we demonstrate such capability of XRDSol 

using three examples: Fe(OH)2, Tm(OH)3, and SrNH, which are three compounds that had 

unassigned hydrogen atoms structures in early reports (Fig. 3b)34-36. These incomplete structures 

violate charge neutrality, resulting in significantly high Ehull of 0.28, 0.46, and 0.43 eV/atom, 

respectively. XRDSol can infer reasonable hydrogen positions from its implicitly learned 

crystallographic knowledge. For Fe(OH)2, it places H at 2d Wyckoff position (1/3, 2/3, 0.453), in 

good agreement with neutron diffraction results37, with a much lower Ehull of 0.005 eV/atom. 

Similarly, in Tm(OH)3, XRDSol restored hydrogen at 6h Wyckoff sites (0.721, 0.863, 3/4), 

reducing Ehull to 0.06 eV/atom. While we failed to find experimental reports on H positions in 

Tm(OH)3, our solved structure is isomorphous to other lanthanide trihydroxide, such as Er(OH)3, 

Ho(OH)3, and Dy(OH)3
38. For SrNH, early PXRD reports showed Sr and N forming a rocksalt-type 

lattice and H coordinates were missing. Structure proposed by XRDSol agrees with the rocksalt 
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framework. Complex rotational disorder of the imide ion may lead to multiple partially occupied 

H sites39, which XRDSol is incapable to handle. This issue will be further elaborated in the next 

section. Instead, it places H along the <111> direction, consistent with literature reports suggesting 

this is the most energetically favorable site with minimized electrostatic energy39. The SrNH with 

a complete crystal structure has a reduced Ehull of 0.04 eV/atom.  

Solving crystal structures without atomic coordinates information  

Experimental PXRD patterns differ from simulated PXRD profiles, especially in peak intensities, 

due to various factors, including texture, polarization, background noise, and temperature effects. 

Therefore, it is necessary to benchmark the performance of XRDSol on experimental diffraction 

data. We assembled the ICDD-20 dataset, which contains 1000 sets of experimental PXRD data 

and their ground truth crystal structures (up to 20 atoms per primitive cell). XRDSol achieved a 

remarkable 81.6% success rate on this dataset, demonstrating robustness against intensity variations 

in experimental PXRD profiles. Rcos is expectedly lower compared to the performance on the MP-

20 test dataset. The average Rcos is 0.67, with 71.1% of the samples exceeding 0.6 (Fig.4a). The 

distribution of Rcos on ICDD-20 dataset provides a gauge of the fitting quality by using simulated 

PXRD patterns to fit experimental PXRD patterns. Since structural reasonableness is more 

important than achieving better R factors40, arriving at the correct structure is the ultimate goal of 

structure solutions. 

We then deployed XRDSol to solve crystal structures from ICDD entries missing atomic 

coordinates. Obviously, no ground truth is available for these entries. XRDSol inferred missing 

atomic coordinates based on its training experience (Fig. 4b). The input for solving these entries 

includes known target PXRD patterns, lattice parameters, number and type of atoms. Among 912 

entries we investigated, the average Rcos reaches 0.708, with 79.6% exceeding 0.6, indicating high 

pattern reconstruction quality. Note that the distribution of Rcos is quite similar to that on ICDD-20 

dataset, indicating that such a distribution is typical for experimental PXRD patterns.  
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Thermodynamic assessment is another important metric to evaluate the plausibility of structure 

solutions. We performed first principles calculations to evaluate Ehull of these solved structures (Fig. 

4c). All 912 structures exhibit Ehull below 0.1 eV/atom, which is a typical threshold for determining 

structure plausibility, with 81.3% exhibiting Ehull below 0.05 eV/atom. To the best of our knowledge, 

this is the largest dataset containing the most structures solved from experimental PXRD patterns 

using an automated algorithm-based solver (Fig. S21)6-8,10. The reconstructed structures and their 

PXRD patterns of 912 entries are available in the supporting dataset. The remarkable performance 

demonstrates the capability of XRDSol to infer crystal structures from experimental PXRD patterns. 

 

 

Figure 4. Performance and examples of XRDSol on solving crystal structure from experimental 

PXRD patterns. PXRD pattern reconstruction quality (evaluated by Rcos) for (a) the 816 crystal 

structures successfully solved by XRDSol in experimental test dataset ICDD-20. (b) the 912 crystal 

structures solved by XRDSol based on ICDD entries without documented atomic coordinates in 

the database. (c) Thermodynamic assessment of the 912 crystal structures solved by XRDSol based 

on ICDD entries without documented atomic coordinates in the database, evaluated by the energy 
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above the convex hull Ehull. Visual verification of six selected crystal structures solved by XRDSol 

that (d) include light elements, such as hydrogen and lithium, (e) are natural minerals that may 

contain associated impurity phases, and (f) exhibit chemical disorder at certain lattice sites. 

 Light elements such as hydrogen and lithium exhibit weak X-ray scattering due to their low 

atomic numbers, making it challenging to determine their lattice sites directly only based on PXRD 

patterns. (NH4)CoF3 is an ammonium cobalt trifluoride, and was documented in 1970 without 

atomic coordinates41. XRDSol solved its structure as a cubic perovskite, with cobalt at the B-site 

and ammonium at the A-site. Nitrogen is tetrahedrally coordinated with hydrogen, forming the 

correct ammonium structure. The structure has a low Ehull of 0.03 eV/atom and a good diffraction 

pattern match with the original one (Rcos = 0.846) (Fig. S22). Moreover, it aligns well with a 

previous report with RMSD of 0.28 Å (Fig. S23)42. Li2SrGeO4 is a candidate host material for 

luminescent phosphors. It was synthesized in 1986 and characterized as a tetragonal phase with I-

42m space group, but its atomic coordinates were not identified. The structure XRDSol proposed 

is a Sr-analog of Li2CaGeO4 phase. It is thermodynamically stable (Ehull = 0 eV/atom), and its 

diffraction pattern matches well with the original pattern (Rcos = 0.767) (Fig. S24). Given the 

chemical similarity between Ca and Sr, the proposed structure is highly plausible and consistent 

with literature10,43. In particular, our solution agrees with the recently reported structure by 

Griesemer et al. with RMSD of 0.08 Å (Fig. S25)10. 

  The presence of impurities represents a significant factor that can adversely impact the success 

rate of structure determination from PXRD patterns. At least 15 structures of natural minerals 

proposed by XRDSol have the Ehull lower than 0.1 eV/atom, suggesting that these structures are 

highly plausible (Supplementary Table S5). NaSrPO4 is a natural olgite mineral discovered in 1980. 

Early XRD experiments revealed that it belongs to the hexagonal lattice system and was originally 

assumed to have the P3 space group44. Lattice parameters were extracted from diffraction patterns 

but without atomic coordinates. XRDSol provided a solution with a different space group P3m1. 

Despite that the reconstructed pattern matches most of the major peaks, strong intensity deviation 
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was observed, leading to a relatively low Rcos of 0.313 (Fig. S26). This is probably due to the strong 

texture of the sample and potentially associated impurity phases45. DFT calculation confirms that 

the structure is highly plausible with a low Ehull 0.01 eV/atom. We confirmed that our proposed 

structure agrees with a recent report on olgite crystal structure, except that one lattice site might be 

co-occupied by Na and Sr45. Natural ramsdellite MnO2 was documented by ICDD Grant-in-Aid in 

1989. However, the atomic coordinates for this entry were missing, possibly due to the absence of 

indexed peaks46,47. The structure solved by XRDSol agrees with literature reports46,47, and it has a 

low Ehull of 0.009 eV/atom. In particular, our solution agrees with the recently reported structure by 

Post et al. with RMSD value of 0.1 Å (Fig. S27)46. We believe the proposed structure is highly 

plausible. Compared to the simulated pattern of proposed structure, a few low-intensity peaks were 

missing in the experimental XRD pattern (Fig. S28), which is probably the cause of preferred 

orientation. In contrast, XRDSol shows robust performance in these natural mineral samples. 

Chemical disorder is a common phenomenon in inorganic crystalline materials, where 

different types of atoms are randomly distributed within a crystal lattice. Currently, XRDSol cannot 

propose crystal structures with chemical disorder, since all atoms have pre-assigned element types, 

similar to the limitation of DFT calculations. Nevertheless, we challenged XRDSol with two PXRD 

patterns from disordered materials: Sr0.5Ca0.5TaO2N48 and Eu0.5Dy0.5TiO3
49. Surprisingly, we all 

reached solutions that are “ordered approximations” of the ground truth structures that contain 

chemical disorder. Sr0.5Ca0.5TaO2N is an oxynitride perovskite material, in which complex anion 

order behavior may exist. The A-site should be co-occupied by Sr and Ca. In contrast, in the 

structure proposed by XRDSol, two A-sites in a supercell are occupied by Sr and Ca, respectively. 

For the anion-sites, XRDSol proposed an ordered trans-type anion configuration, in which nitrogen 

occupies axial sites while oxygen occupies the equatorial sites. Remarkably, this is in excellent 

agreement with neutron diffraction results50. The ordered structure that we solved reaches Rcos of 

0.879 (Fig. S29). Similarly, for perovskite Eu0.5Dy0.5TiO3 with Eu/Dy chemical disordering, 

XRDSol successfully proposed a fully ordered structure model, which shows a good match between 
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the reconstructed and the original PXRD patterns (Fig. S30). Atoms at all Wyckoff positions are 

correctly assigned except for the presence of chemical disordering49 (Fig. S31). Such performance 

demonstrates that for materials with chemical disorder, XRDSol is capable of proposing reasonably 

ordered structure models, which is crucial for further structural refinement tasks.  

Discussion 

Determining crystal structures of inorganic crystalline materials plays a crucial role in physical 

science. In this work, we propose using an equivariant diffusion-based model to infer atomic 

coordinates from PXRD patterns. We demonstrate that after training, our model implicitly learns 

crystallographic knowledge, enabling it to propose chemically reasonable structure solutions that 

match the target PXRD patterns. It shows efficient and robust performance across various 

chemistry systems and on both simulated and experimental PXRD patterns. Our approach is several 

orders of magnitude faster than several previous methods that require first-principles calculations 

or evolution algorithms. We demonstrated its capability by correcting crystal structures of 

implausible entries and completing structures for entries lacking partial or all atomic positions in 

the databases. We envision three practical application scenarios for XRDSol: AI-assisted manual PXRD 

analysis, quality control of large-scale structural databases for inorganic materials, and integration into 

autonomous materials discovery platforms. For experienced crystallographers, XRDSol can provide 

high-quality initial models that can serve as a starting point for the following Rietveld refinement, saving 

time and effort from human experts. For researchers who focus on specific materials rather than 

crystallography, XRDSol can provide a baseline model with good quality that can potentially satisfy 

their need for routine structural characterization in their research.  For large-scale structural databases, 

XRDSol can be valuable for database maintenance and quality control, by providing an initial screening 

of suspicious entries, identifying potential errors in existing records, supplementing missing structural 

parameters, and offering cross-validation for ambiguous cases. Besides, the automated nature of our 

algorithm also makes it suitable for potential integration into autonomous materials discovery platforms, 
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since it requires minimal human intervention and has a rapid processing capability. 

Our current approach could still be improved in several ways. The inherent stochastic nature 

of the diffusion model can introduce uncertainty in crystal structure solutions and sometimes 

requires repeated runs. Moreover, the success rate decreases significantly as the number of atoms 

in the unit cell exceeds twenty. Imposing additional constraints, such as space groups, will 

significantly reduce the degrees of freedom when the model searches the configuration space, 

making it possible to tackle the solution of crystal structures with larger unit cells or more atoms. 

Furthermore, the low-symmetry structures still pose great challenges. In the future, we will focus 

on overcoming the current limitations in handling large-unit-cell crystals and low-symmetry 

systems. In addition, the lattice parameters can in principle be inferred from the PXRD patterns as 

well. Integrating more domain-specific crystallographic knowledge will be a future research 

direction, ultimately aiming to enable automated structural analysis of PXRD patterns. We believe 

that such automated analysis tools have the potential to be integrated into autonomous materials 

discovery platforms and paving the way for the automated design, development, and optimization 

of novel functional materials.  
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I. Methods 

A. Conditional equivariant diffusion 

Graph representation of crystal structure. For each given crystal structure, its primitive reduced 

cell was chosen as its unique represetation of the infinite 3D periodic crystal structure. The 3D 

periodic crystal structures were represented as a graph G = (L, A, P, E). L is a 3 × 3 matrix that 

represents a set of lattice vectors of the crystal structure, which is equivalent to the conventional lattice 

parameters representation (a, b, c, α, β, and γ). A is the atom type matrix A = [a1, a2, …, an]T∈ℝ𝑛×𝑑𝑎, 

𝑃 = [𝒑1, 𝒑2, ⋯ , 𝒑𝑛]𝑇 ∈ ℝ𝑛×3, where 𝒑𝑖 = (𝑥𝑖 , 𝑦𝑖 , 𝑧𝑖) ∈ ℝ3denotes the 3D position of 𝒂𝑖, and 𝐸 ∈

ℝ𝑛×𝑛 is the adjacency matrix and denotes the edge features. 

Conditional equivariant diffusion model. The diffusion model is a generative model inspired by 

non-equilibrium thermodynamics. It includes a forward noising process and a reverse denoising 

process (Fig. S22). During the forward process, random normal distribution noise is gradually 

added to the input data 𝑥0 via T steps, thereby establishing a Markov chain 𝑥0 → 𝑥1 → ⋯ → 𝑥𝑡 →

⋯ → 𝑥𝑇 . This noising process can be described by the transition distribution as 𝑞(𝒙𝑡|𝒙𝑡−1) =
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𝒩(𝒙𝑡|𝛼𝑡|𝑡−1𝒙𝑡−1, 𝜎𝑡|𝑡−1
2 𝐈) , where the parameter 𝛼𝑡   controls the amount of 𝑥0  retained and 𝜎𝑡 

controls the amount of noise added. For XRDSol, we perform diffusion on the atomic coordinates 

of the given structure 𝑺, which defines a Markov chain 𝑺0 → 𝑺1 → ⋯ → 𝑺𝑡 → ⋯ → 𝑺𝑇 12,14. Due 

to the periodicity of crystal structures, we added wrapped normal distribution noise 𝒩𝑊  on the 

atomic coordinates to account for the intrinsic periodicity. We define our forward process via 

transition distribution as 𝑞(𝑺𝑡|𝑺𝑡−1) = 𝒩𝑊(𝑺𝑡|𝛼𝑡|𝑡−1𝑺𝑡−1, 𝜎𝑡|𝑡−1
2 𝐈). During the reverse denoising 

process, the equivariant graph neural network (EGNN) 𝜙 predicts the noise to construct the desired 

samples. EGNN is a type of Graph Neural Network that satisfies the equivariance constraint51. In 

this work, the graph is initialized by a fully connected graph G based on atomic positions and lattice 

information. Each node is endowed with coordinates as well as features. The edge construction 

follows a fully connected graph G, where every atom in the unit cell is connected to every other 

atom, forming a fully connected graph. The edge features are defined as fractional coordinate 

differences between connected atoms. In this setting, EGNN consists of 3 EGNN blocks, each of 

which composed of equivariant convolutional layers. The noisy structure St is passed through the 

EGNN to extract structure features. And the structure features are concatenated with the PXRD 

features that are derived from the target PXRD pattern by a neural network. Next, the concatenated 

features are fed into a neural network to predict the atomic coordinates of St-1. This process is 

repeated for 1000 steps and gradually restores the atomic coordinates from ST to S0 with the 

guidance of target PXRD patterns. We define the reverse denoising process via transition 

distribution as 𝑝(𝑺𝑡−1|𝑺𝑡) = 𝒩𝑊(𝑺𝑡−1|𝜙(𝑺𝑡), 𝜎𝑡→𝑡−1
2 𝐈). To solve crystal structures conditioned on 

given PXRD patterns 𝐶 , we input the PXRD condition along with atomic coordinates into the 
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neural network to guide the correct placement of atoms. The final denoising process was defined 

as 𝑝(𝑺𝑡−1|𝑺𝑡, 𝐶) = 𝒩𝑊(𝑺𝑡−1|𝜙(𝑺𝑡 , 𝐶), 𝜎𝑡→𝑡−1
2 𝐈) . The pseudo-code of XRDSol is provided to 

illustrate nosing and denoising steps (Table S6). 

B. Experimental details 

Datasets. (1) MP-20 dataset (simulated PXRD patterns with ground truth structures): We 

employed the MP-20 dataset (45231 structures) to train and evaluate our XRDSol model. The 

dataset consists of materials sourced from ICSD database. Their energy above the hull and the 

formation energy are constrained to be less than 0.08 and 2 eV/atom, respectively. These 

thermodynamic stability constraints ensure the experimental validity of the materials under 

consideration. (2) ICDD-20 dataset (experimental PXRD patterns with ground truth 

structures): We assembled the ICDD-20 dataset (1000 structures) with at most 20 atoms in the 

primitive cell and collected their corresponding experimental PXRD patterns. As an experimental 

dataset, ICDD-20 serves as a crucial benchmark for validating the performance of XRDSol under 

real-world conditions. (3) ICSD-20-HE dataset (high-energy structures with simulated PXRD 

patterns): We have created the ICSD-20-HE dataset (4157 structures) to revisit energetically 

unfavorable structures in the ICSD. Their Ehull are constrained to be higher than 0.1 eV/atom, 

respectively. This dataset is used to explore the model's ability to handle the probably incorrect or 

incomplete structures. (4) Unsolved experimental XRD pattern dataset: We use the trained 

XRDSol model to solve the entries from the ICDD database, of which the atomic coordinates are 

missing but lattice parameters are known. We start with the entries whose diffraction quality is 

listed as “star”, “good”, or “indexed”, indicating that the diffraction pattern represents a single-

phase crystal with minimal impurities. The lattice and number of formula units per unit cell are 

already known. The number of atoms should be less than 20.  
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Together, these four datasets enable a comprehensive evaluation of the model across both simulated 

and experimental XRD patterns, with or without ground truth structural data. The target PXRD 

patterns, lattice parameters, number and type of atoms are already known and used as the inputs of 

XRDSol. 

Training XRDSol model. We provide detailed configuration parameters for the training and 

sampling process within the conditional XRDSol model. The conditional XRDSol model was 

trained for 1000 steps with a batch size of 256 across four V100 GPUs. The Adam optimizer was 

employed. The initial learning rate was set to 0.001 and was subjected to decay using the 

ReduceLROnPlateau scheduler, with a decay factor of 0.6, patience of 30, and a minimum learning 

rate of 10-4. The loss function includes 𝐿𝑋𝑅𝐷  and 𝐿𝑐𝑜𝑜𝑟𝑑𝑖𝑛𝑎𝑡𝑒𝑠 , which is defined as 𝐿 =

 𝜆1 × 𝐿𝑋𝑅𝐷 +  𝜆2 × 𝐿𝑐𝑜𝑜𝑟𝑑𝑖𝑛𝑎𝑡𝑒𝑠, where 𝜆1= 1000 and 𝜆2 = 1. The 𝐿𝑋𝑅𝐷 is given a much higher 

weight, emphasizing the dominant role of XRD data in guiding the crystal structure solution. For 

the denoising process, we discretized the reverse diffusion process over the continuous time interval 

[0, 1] into T = 1000 steps. For each time step, we sample (Xt-1) given (Xt) using the EGNN. 

Evaluating the crystal structure solutions. We used the Ehull, Rcos, and sRMS to evaluate the quality 

of resolved structures. (1) Energy assessment. We used DFT to compute the formation energy of 

all our crystal structure solutions. All DFT calculations were performed using the Vienna Ab-Initio 

Simulation Package (VASP) using the PBE exchange-correlation functional, and potentials 

supplied by VASP with the projector augmented-wave method. The parameters of DFT calculations, 

such as the plane-wave energy cutoff and k-points density, were consistent with the parameters used 

for the Materials Project52. The energy correction schemes for oxides and transition metals were 

implemented as the Materials Project setup. To measure the energetic stability of a candidate 

structure, we compute the convex hull of formation energies in the relevant phase space and 

compute the difference between the candidate structure’s formation energy and the convex hull 

energy Ehull at the target composition. (2) XRD match. The simulated diffraction data were 

calculated by XRDCalculator module in pymatgen22. We evaluated the difference between the 
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target and solved XRD diffraction data using Rcos. Rcos is based on cosine similarity, which measures 

the similarity of two vectors8. In this work, the two vectors are the original XRD pattern and 

reconstructed XRD patterns, respectively. The cosine similarity is calculated as the cosine of the 

angle between the vectors. The value ranges from -1 to 1, where -1 means completely dissimilar, 1 

means completely similar, and 0 means no correlation. (3) Structural match. We used the 

get_rms_dist method in pymatgen package to calculate the sRMS22, which is normalized by the 

average free length per atom. Furthermore, we used StructureMatcher in pymatgen22 to evaluate 

the success rate by calculating the maximum root-mean-square displacement (MaxDist) between 

the structures. The fit function in StructureMatcher compares the normalized MaxDist against the 

specified site tolerance (stol). If the MaxDist is less than stol (stol = 0.5), the fit function returns 

True, indicating a successful match. We also calculated the RMSD of atom positions between the 

original and reconstructed crystal structures to quantitatively measure the structure similarity. 

Solving details. For each PXRD pattern, we ran XRDSol 25 times, generating 25 crystal structures 

independently. First, we rank the 25 potential solutions using Rcos (top-25). The solution with the 

highest Rcos is chosen as the final crystal structure solution of the corresponding given XRD pattern. 

We observed a systematically improving performance for the XRDSol as the number of total 

independent runs increased (Fig. S32 and 33).  

C. Data availability 

The MP-20 dataset used for training the XRDSol model has been deposited to XRDSol repository: 

https://github.com/ai4mat-zhu/XRDSol/tree/main/data, and can be also found in the previous work. 

The Powder Diffraction File used in this work can be requested from the ICDD PDF-4+ database, 

Their Powder Diffraction File numbers and the solved structures have been deposited to 

https://github.com/ai4mat-zhu/XRDSol/tree/main/data. The high-energy structures used in this 

work can be requested from the ICSD database or the Materials Project, and their ICSD collection 

codes have been provided in the Supplementary Information. 

https://github.com/ai4mat-zhu/XRDSol/tree/main/data
https://github.com/ai4mat-zhu/XRDSol/tree/main/data
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D. Code availability 

The full code has been deposited to XRDSol repository at the following link:  

https://github.com/ai4mat-zhu /XRDSol.  

https://github.com/ComputationalMaterials-WestLake-Univ/XRDSol
https://github.com/ComputationalMaterials-WestLake-Univ/XRDSol
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