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Uses probabilistic encoder Q¢(Z |X) and decoder Pg(Z|X) to learn a latent
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(a) Variational Autoencoder

Processes crystal structures as graphs, aggregating information from
neighboring nodes to generate new structures.

(c) Graph Neural Network
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Based on stochastic processes, generation is formulated as a forward noise
perturbation and a learned reverse diffusion process that progressively recovers
crystal structures from random noise
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Consists of a generator (G(Z) and a discriminator D(X) trained through
adversarial competition to produce realistic crystal structures

(b) Generative Adversarial Network
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Utilizes attention mechanisms to sequentially model crystal structures token
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(d) Autoregressive Transformer

Pretrained
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Converts text-based crystal representations into structured outputs, allowing
the model to associate chemical descriptors with atomic spatial arrangements.

(f) Large Language Model
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Schematic overviews of the main generative model architecture
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Table 1 Comparison of crystal structure representations

Long-range Addition boundary

Representation Key features Symmetry Periodicity Fine atomic | . .
interaction conditions

Reciprocal Space Maps real-space periodicity into reciprocal space; represents
diffraction features (e.g., Miller indices, peak intensities) as
fixed-length or frequency-domain vectors

Wyckoff Positions Encodes structure as “space group Wyckoff site atom mapping”;
symmetry-informed and compact representation

Voxel Grid Discretizes the unit cell into 3D voxels; voxel values encode
atomic occupancy/type; outputs 3D arrays or flattened tensors

Point Cloud Directly records atomic coordinates (x, y, z) and atomic
numbers; supports dynamic number of atoms (Nx4matrix)

Graph Represents the crystal as a multi-graph G=(V, E); nodes carry

atomic features, edges encode distances/bond types; captures

local chemistry/topology

M: Satisfied (This feature is clearly and excellently demonstrated, and the core functionality can be achieved without additional processing); &: Not Satisfied

(This feature is weakly demonstrated, or requires additional operations to barely achieve the desired result, and cannot be naturally adapted).
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Table 2 Common crystal datasets used for training generative models
Dataset Size Core feature Key data contents Typical applications
OMat24001 100 million Largest open DFT dataset by Meta; Atomic configurations, energies, High-throughput material screening
integrates equilibrium and stresses, electronic structures
non-equilibrium structures
Materials Over 1 million High degree of data standardization and Crystal structures (lattice, coordinates, Semiconductor design, battery
Project*’] complete attribute system symmetry), formation energy, band ~ material discovery
gap, DOS, thermodynamic data
Alexandria-41 4.5 million Links DFT structures with experimental Atomic configurations, synthesis Experiment-driven structure
synthesis and characterization data parameters, XRD/SEM data, generation and validation
performance metrics
ICSDM3-441 327000 Authoritative experimentally validated ~ Atomic positions, space groups, Structure prototype discovery,
inorganic crystal structures lattice parameters crystal structure prediction
OQMDH647] 1317811 Combines calculated formation energies DFT-calculated formation energy, Phase stability prediction,
and thermodynamic stabilities stability, phase diagrams thermodynamic property
modeling
CSDIH!-42] 1362809 Experimental organic crystal repository 3D molecular structures, hydrogen ~ Organic crystal design,
bonding, symmetry data pharmaceutical and coordination
compound discovery
LLM4Mat- 1.97 million Benchmark for evaluating LLMs in Multi-domain data (crystal info, text, Evaluation of reasoning, prediction,
BenchP*!] materials science reasoning property relations) and generation performance of
LLMs in materials science
MGED 710055 A national materials data infrastructure  Crystal structures and compositions, Data-driven materials discovery,
emphasizing standardized integration synthesis and processing generative model training with
of heterogeneous experimental and parameters, measured properties, experimental constraints, and
computational data across the full characterization data, and experiment—computation
R&D workflow first-principles and multiscale closed-loop design
simulation results
LAMBench 12 OOD force field ~ Comprehensive benchmark for LAMs  Standardized benchmark tasks built ~ Model comparison and validation,
datasets, 5 property  evaluating generalizability, on multi-source DFT datasets; assessment of generalization and
calculation adaptability, and applicability; energy, force, and virial stability of atomistic foundation
datasets; cross-domain coverage; automated predictions; metrics for models, development of

benchmarks 10
state-of-the-art
LAMs

high-throughput workflow;

interactive leaderboard

dimensionless metrics; open-source &

generalizability, adaptability, and
applicability

universal machine-learning
interatomic potentials
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Table 3 Overview of generative models, representations, and datasets

Acronym Representations Datasets Architectures Ref. Year
Crystal GAN Point Cloud Pearson’s Crystal Datal>¥ GAN [8] 2018
ED3DCS Voxel MPI4s] GAN [55] 2019
iMatGen Voxel Grid MPI#] VAE [56] 2019
ICSG3D Voxel MPI#] GAN [29] 2020
CCCG Point Cloud MPI#] GAN [12] 2020
CubicGAN Point Cloud OQMDI#647] GAN [57] 2021
FTCP Reciprocal Space, Point Cloud MP*] VAE [86] 2022
CCDCGAN Voxel Grid MPI#] VAE, GAN [87] 2022
CDVAE Point Cloud, Graph Perov-51%-591 Carbon-2410], MP-20[43] VAE, Diffusion [18] 2022
PGCGM Wyckoff MPI#] GAN [61] 2023
XYZTransformer Point Cloud Perov-51%-3% MP-204] Transformer [63] 2023
LCOMs Point Cloud, Graph OQMDI#-47 MatBench!*! VAE, Diffusion [64] 2023
SyMat Point Cloud, Graph Perov-51%-3% Carbon-24101, MP-20[4] Diffusion [65] 2023
GemsDiff Point Cloud, Graph MPI#] Diffusion [66] 2023
LCMGM Reciprocal Space OQMDI46471 MPI43] VAE, GAN [91] 2024
DiffCSP++ Wyckoff Perov-51%-3%1 Carbon-24[%01, MP-20%3], MPTS-52(41  Diffusion [33] 2024
CrystalFormer Wyckoff MP-2014] Transformer [24] 2024
WyCryst Wyckoff MPI4s] VAE [36] 2024
CGWGAN Wyckoff MPI#] GAN [68] 2024
CGMD Point Cloud AFLOW! VAE, Diftusion [69] 2024
DP-CDVAE Point Cloud Carbon-24[60] Diffusion [71] 2024
CrysTens Point Cloud Pearson's Crystal Databasel>* GAN, Diffusion [72] 2024
CrystalTextLLM Point Cloud MP-2031 LLM [92] 2024
DiffCSP Point Cloud Perov-51°%-3%1, Carbon-24[0, MP-2045], MPTS-52[451  Diffusion [67] 2024
Con-CDVAE Point Cloud, Graph MP#1 OQMDI#6:47] VAE, Diffusion [17] 2024
UniMat Point Cloud Perov-51%-3%1 Carbon-24101, MP-20[4] Diffusion [93] 2024
FlowMM Point Cloud MP-2043], MPTS-52[4] Flow Matching [76] 2024
GenMS Point Cloud MP#1 ICSDI43-41 OQMD 647, NOMADI ™! LLM, Diffusion [73] 2024
MatExpert Point Cloud NOMAD!! LLM [74] 2024
FlowLLM Point Cloud MP-20143 LLM, Flow Matching [94] 2024
TamGen SMILES PubChem!®’] GNN, LLM [96] 2024
Cond-CDVAE Point Cloud, Graph MPH3] VAE, Diffusion [30] 2024
Matra-Genoa Wyckoff MPI#], Alexandrial*1, WBM!I"8], ORBL7] Transformer [98] 2025
SymmCD Wyckoff MP-2045], MPTS-52[4] Diffusion [99] 2025
WyckoffDiff Wyckoff, GNN WBMI8] Diffusion [77] 2025
Uni-3DAR Voxel Carbon-24%01, MP-20[43], MPTS-52[451 Transformer [32] 2025
EH-Diff Point Cloud Perov-51°%-%1, Carbon-24[0], MP-2045], MPTS-52[51  Diffusion [100] 2025
CrysBFN Point Cloud Perov-51%-3%1 Carbon-24101, MP-2043], MPTS-52[41  Bayesian [81] 2025
TransVAE-CSP Point Cloud, Graph Perov-51%-3%1, Carbon-24[60, MP-20143] VAE, Diffusion [25] 2025
CrystalFlow Point Cloud, Graph MP-2043], MPTS-52[4] Flow Matching [82] 2025
MatterGen Point Cloud, Graph MP#], Alexandrial*$4%] Diffusion, Graph [101] 2025
TGDMat Point Cloud Perov-51%-59 Carbon-24[6%], MP-201] Diffusion [102] 2025
NatureLM-Mat3D Point Cloud MP*], NOMAD!], OQMDH 6471 LLM [85] 2025
UniGenX Point Cloud MP-2045], NOMAD!3], OQMD 6471, Carbon-24[%01,  Transformer, Diffusion [83] 2025

MPTS-521431, GEOMI!03]

DAO Point Cloud, Graph CrysDB!"! Diffusion [79] 2025
Chemeleon Point Cloud MP-20431 Diffusion [84] 2025
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Extended Abstract

Generative models for crystalline materials have emerged as a transformative paradigm in computational materials science,
offering new possibilities for crystal structure prediction (CSP), inverse structural design, and functional materials discovery.
Compared with traditional search-based CSP frameworks that depend on iterative global optimization and handcrafted physical
constraints, generative approaches learn the statistical distribution of atomic arrangements directly from data, thereby enabling
efficient sampling of chemically valid and symmetry-consistent structures. Recent advances in geometric deep learning, equivariant
neural networks, variational autoencoders, and diffusion-based modeling have substantially enhanced both the fidelity and scalability
of generative crystal models. However, despite the rapid development, a comprehensive and systematic review that integrates
representations, generative mechanisms, and practical applications of these models is still sparse.

This review first analyzes the major classes of crystal representations. According to the level of geometric completeness and
symmetry preservation, representations can be categorized into reciprocal-space encodings (e.g., diffraction-based descriptors),
symmetry-aware Wyckoff-position formalisms, voxelized three-dimensional grids, point-cloud coordinate systems, and graph-based
multirelational structures. The specific characteristics of each representation are summarized, including their capabilities for handling
periodicity, long-range interactions, spatial boundary conditions, and compatibility with equivariant neural networks. Hybrid
schemes—such as the point-cloud/graph combined formulations used in DiffCSP, MatterGen, and GNOME—provide balanced
expressiveness and geometric accuracy, enabling efficient modeling of complex crystalline systems.

The generative mechanisms of crystal models are more intricate than those of molecular generative models. According to their
learning paradigm, recent models may be divided into four categories. Multimodal-aligned models (e.g., Chemeleon) employ
contrastive learning to align textual descriptions with crystal structures, enabling text-conditioned generation across complex chemical
spaces. Experiment-driven models (e.g., XtalNet) directly map PXRD spectra to crystal structures via integrated pretraining and
conditional generation, circumventing traditional database matching. Twin-model collaborative frameworks (e.g., DAO) combine
generative modules with high-precision property predictors, achieving concurrent optimization of structural stability and targeted
properties. Dynamics-informed models incorporate nonlinear kinetic effects such as impurity-induced frustration and non-equilibrium
crystallization into sampling strategies. These mechanisms collectively provide diverse pathways for addressing the unique challenges
posed by crystalline systems.

The applications of generative crystal models are further examined across pharmaceuticals, quantum materials, and
energy-related functional materials. In pharmaceutical solid-state chemistry, pocket-conditioned molecular generative models provide
insights into integrating solid-form considerations with molecular design. In quantum materials research, constraint-embedded
generators such as SCIGEN enable large-scale exploration of lattice-specific structures—including Archimedean and Lieb
lattices—yielding candidates for quantum spin liquids, flat-band materials, and exotic magnetic phases. In energy materials, the DAO
framework demonstrates the potential of “generation—prediction” coupling by successfully designing superconductors and
high-capacity layered cathodes, showing strong coherence between computational predictions and experimental verification.

Summary and prospects Although notable progress has been made in generative crystal models, significant challenges remain in
both scientific understanding and practical deployment. Existing datasets are limited in structural diversity, physical fidelity, and
multimodal coverage, making it necessary to construct large-scale, high-quality datasets integrating experimental observations,
first-principles calculations, and model-generated structures. The physical interpretability and reliability of generated structures,
particularly in multicomponent and nonequilibrium systems, require systematic investigation. Establishing closed-loop platforms that
integrate model generation, autonomous synthesis, high-throughput characterization, and iterative retraining remains a key step
toward practical materials discovery. Physics-aware constraints, uncertainty quantification, and robust generation under sparse data
conditions are essential for improving model reliability. Furthermore, industrial applications demand models capable of handling large
unit cells, defect chemistry, compositional tunability, and synthesis feasibility. With the development of large materials models,
automated laboratories, and data-centric infrastructures, generative crystalline modeling is expected to become a core driver in
building an intelligent, automated, and industrialized materials innovation ecosystem.
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