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Enhancing materials discovery with valence-
constrained design in generative modeling
 

Mouyang Cheng    1,2,3,10  , Weiliang Luo    4,10, Hao Tang    3,10, Bowen Yu5,10, 
Yongqiang Cheng    6, Weiwei Xie7, Ju Li    2,3,8, Heather J. Kulik    2,4,9 & 
Mingda Li    1,2,8 

Diffusion-based deep generative models have emerged as powerful tools 
for inverse materials design. Yet many existing approaches overlook 
essential chemical constraints, such as oxidation-state balance, which can 
lead to chemically invalid structures. Here we introduce ‘crystal generator 
with valence-constrained design’ (CrysVCD), a modular framework that 
integrates chemical rules directly into the generative process. CrysVCD 
first uses a transformer-based elemental language model to generate 
valence-balanced compositions, followed by a diffusion model to generate 
crystal structures. The valence constraint enables orders-of-magnitude 
more efficient chemical valence checking compared with pure data-driven 
approaches with post-screening. When fine-tuned on stability metrics, 
CrysVCD achieves 85% metastability (Ehull < 0.1 eV per atom) and 68% 
phonon stability. Moreover, CrysVCD supports conditional generation 
of functional materials, enabling discovery of candidates such as high 
thermal conductivity semiconductors and high dielectric constant (high-κ) 
materials. Designed as a general-purpose plugin, CrysVCD can be integrated 
into diverse generative pipelines to promote chemical validity, offering a 
reliable, scientifically grounded path for materials discovery.

Materials design has long been a cornerstone of modern technology, 
driving advancements across diverse fields, from structural and func-
tional materials to energy and quantum technologies. The integration 
of computational methods has substantially enhanced this process, 
enabling the automated discovery of promising crystal candidates1–4, 
with recent advances in artificial intelligence accelerating these efforts 
further. In particular, inverse design has emerged as a transformative 
paradigm, facilitating the targeted generation of functional materials 
with specific properties while reducing the computational burden of 
exhaustive forward screening5. Among inverse design techniques, deep 
generative models have achieved remarkable success by capturing intri-
cate structure–property relationships to enable conditional materials 

generation6,7. Notable examples include CDVAE8, DiffCSP9 and Mat-
terGen10, which demonstrate the capability of diffusion-based models 
to generate chemically diverse materials with novel crystal structures. 
Another approach incorporates large language models in the materials 
design process, utilizing inverse design prompted by human natural 
language11–13. Together, these advances highlight the growing role of 
deep generative architectures in automated materials discovery.

Despite substantial progress, current generative approaches 
still encounter challenges in practical solid-state material discovery 
scenarios. One key issue is to ensure that generated materials adhere 
to fundamental chemical principles, such as common oxidation states 
and stoichiometric balance. While these chemical rules can be learned 
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where Mt = (At, Xt, Lt) is the crystal structure at diffusion time step t, qθ 
is a learnable function parametrized by an equivariant GNN and pT is 
the prior noise distribution at the final time step T. This enables flexible 
structure generation and materials design.

However, the above diffusion-based process is entirely data-driven 
and lacks explicit physical or chemical constraints. Current approaches 
typically first generate materials and down-select on the basis of con-
straints, which reduces efficiency. It would be desirable to impose 
fundamental constraints earlier in the process, for instance, before 
data generation. For instance, fundamental rules such as stoichiom-
etry should apply to the atom types A. This raises a key question: can 
we eliminate non-physical candidates before initiating the generative 
diffusion process? If so, this would enable a lightweight and scalable 
approach to incorporating domain-specific constraints early on. In 
light of this, we introduce CrysVCD, a two-step, property-aware crystal 
generation framework that explicitly incorporates physical and chemi-
cal constraints, as shown in Fig. 1.

CrysVCD decouples the generation of crystal compositions and 
geometries into two integrated and separately trained modules: (1) 
an elemental language model guided by target properties and chemi-
cal valence rules, and (2) a geometric diffusion model that generates 
3D atomic structures consistent with the predicted composition and 
target properties. More specifically, CrysVCD generates atomic spe-
cies A0 first using the elemental language model, and then generates 
the corresponding crystal structures X and L. Thus, the probability of 
generating (A0, X0, L0) for CrysVCD is expressed as

p(A0,X0,L0) = p(A0) ⋅ pT(XT,LT|A0)
T
∏
t=1

∫

dXT−t+1dLT−t+1 pθ(XT−t,LT−t|A0,XT−t+1,LT−t+1),
(2)

wherep(A0) = p(a1)
n−1
∏
i=1

pϕ(ai+1|a1,⋯ ,ai). (3)

Here, pϕ(⋅) is a parametrized transformer model that performs 
autoregression for each elemental token ai+1, which first generates 
the target atomic composition A0 (A0 is represented by the elemental 
tokens (a1, a2,⋯, an)). Then, the second step of CrysVCD is equivalent 
to sampling X and L conditioned on A0, thus sampling the joint distri-
bution p(A0, X0, L0) = p(A0)p(X0, L0∣A0). Thus, pθ(⋅) is a parametrized 
E(3)-equivariant GNN learning the score function with one fewer degree 
of freedom, effectively performing crystal structure prediction (CSP) 
during the denoising process. This CSP task is trained and implemented 
using the architecture of DiffCSP as a demonstration, but it can be 
achieved with other generative models as well. More details of the 
elemental language model in stage 1 of CrysVCD are discussed in the 
‘Chemical formula generation’ section in the Methods.

Building on the two-step architecture, CrysVCD brings both effi-
ciency and flexibility to crystal generation. Compared with stage 2, the 
autoregressive elemental language model in stage 1 requires only a few 
inference steps (typically four or five), orders of magnitude faster than 
the diffusion process (typically 1,000 denoising steps), thus imposing 
chemical constraints at negligible cost (more details shown in Sup-
plementary Section 3). These constraints avoid expensive diffusion 
calculations during the CSP step on chemically invalid compositions to 
be dropped by post-generation filters. Therefore, our method improves 
the overall discovery efficiency on valid materials. Another core feature 
is the property guidance, which plays a key role in both steps. Target 
properties, such as Ehull, phonon stability or functional attributes such 
as thermal conductivity and dielectric constants, are embedded and 
used to condition both the composition generator and the denois-
ing process. This enables CrysVCD to align material generation with 
desired physical or functional criteria, while remaining modular and 
extensible for future design goals.

from sufficiently large datasets, chemically implausible candidates can 
still be proposed by current state-of-the-art models. Another issue is 
the thermodynamic stability of the generated materials. Methods such 
as guided generation14–16 and post-processing with density functional 
theory (DFT) help address this, although the DFT’s computational 
cost, particularly for dynamical stability when evaluated with phonon 
calculations, limit scalability. In addition, while models have shown 
success in generating materials with specific target properties such as 
bulk modulus and bandgap10, incorporating a wider range of functional 
characteristics, such as thermal and electrical conductivity, or optical 
behavior, could enhance their real-world utility.

In this work, we present ‘crystal generator with valence-constrained 
design’ (CrysVCD), a deep generative architecture that combines diffu-
sion and transformer models to generate ab initio stable crystal struc-
tures while respecting fundamental chemical constraints. Built upon 
recent advances such as MatterGen and DiffCSP, CrysVCD introduces a 
dedicated transformer module that explicitly ensures charge-balanced 
compositions. The generation process follows two steps: in stage 1, 
a transformer-based elemental language model outputs chemically 
valid formulas where each autoregressive token corresponds to a 
charged ion, explicitly enforcing oxidation state balance; in stage 2, 
a conditional diffusion model generates the corresponding atomic 
structure on the basis of the formula. This design enables rapid screen-
ing of chemically plausible compositions during inference, ensuring 
that all generated crystals adhere to fundamental chemical valence 
constraints, an essential stability condition that has been underex-
plored. Within a comparable inference time, CrysVCD enables rapid 
screening of total chemical valence during stage 1, which guarantees 
balanced charge valence for all end-product crystals. The stability of 
generated crystals are evaluated in tandem with a foundation model 
of the machine learning interatomic potential (MLIP), which serves as 
a fast surrogate to DFT for estimating both formation energy above 
the convex hull (Ehull) and phonon imaginary frequency as the stability 
indicators. This enables efficient large-scale screening of generated 
candidates under physical constraints. By further conditioning the 
model on these MLIP-labeled stability metrics and fine-tuning, the 
conditional CrysVCD model achieves >85% stability rate of materi-
als according to the criteria of Ehull (Ehull < 0.1 eV per atom), and 68% 
showing no substantial imaginary phonon modes. We further apply 
CrysVCD to search for materials with high thermal conductivity and 
high dielectric constant (high-κ) materials, both relevant for micro-
electronics applications. Overall, CrysVCD provides a general-purpose, 
physics-constrained framework that improves the reliability and 
throughput of materials discovery.

Results
Model architecture
We start by briefly reviewing recent diffusion-based generative mod-
eling for materials design. A periodic crystal structure can generally 
be represented as M = (A, X, L), comprising atom types (A), fractional 
atomic coordinates (X) and lattice matrices (L). Diffusion models pro-
gressively add Gaussian noise to these components over a sequence of 
time steps. A neural network, often instantiated as a graph neural net-
work (GNN) representing the geometric structure17,18, is trained to learn 
the reverse denoising process by approximating the score function19. 
This learned score function enables the generation of diverse crystal 
structures by sampling from a noise distribution and iteratively denois-
ing it back toward physically plausible configurations. The current 
crystal structure generative models, such as DiffCSP and MatterGen, 
perform joint equivariant diffusion of (A, X, L). More specifically, the 
probability of generating (A0, X0, L0) can be expressed as

p(A0,X0,L0) = pT(AT,XT,LT)
T
∏
t=1

∫ dMT−t+1 qθ

(AT−t,XT−t,LT−t|AT−t+1,XT−t+1,LT−t+1),
(1)
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Physics-inspired elemental language model embedding in 
CrysVCD
As discussed above, a key innovation in CrysVCD is the two-step design 
that decouples composition generation from structural generation 
(Fig. 1). In this section, we detail stage 1 for CrysVCD on the elemental 
language model. Mapping discrete vocabulary to continuous vectors, 
namely word2vec, is the foundation of the connection between lan-
guages and high-dimensional representation spaces in deep learning. In 
natural language processing, each word is typically assigned a randomly 
initialized embedding vector, which is learned by optimization through 
backpropagation across large corpora. However, for our elemental 
language model, where data scarcity is a substantial challenge, we seek 
to incorporate prior chemical knowledge into the embedding design. 
Instead of random initialization, we engineer embeddings that reflect 
the periodic trends observed in materials science. For example, oxygen 
and sulfur exhibit similar valence behavior as chalcogens, yet differ in 
their metal affinities. The embedding also captures relationships and 
distinctions between multiple oxidation states of the same element, 
such as the valence diversity of manganese (Mn) from +2 to +7. Inspired 
by the SpookyNet machine learning potential20, we use the Aufbau 
principle to encode the electronic configurations of atoms and ions 
as the initial embeddings.

Specifically, we construct a vocabulary containing common oxida-
tion states of elements and decompose each material’s composition into 
element–valence pairs and their corresponding counts. Our decompo-
sition algorithm successfully handles mixed-valence cases, such as the 
coexistence of Fe2+ and Fe3+ in magnetite (Fe3O4), and explains the major-
ity of compositions in the dataset. Compared with the element-wise 
treatment that assigns the same oxidation state for all atoms of the 
same element, our algorithm achieves more than threefold improve-
ment of the valence assignment failure rate (from 8.5% to 2.4%) on our 
relevant chemical space in the MP-20 dataset. In this way, each word 
corresponds to a token that combines an element’s oxidation state with 
its atom count. As illustrated in Fig. 2a, the model queries an electronic 
configuration table for element–valence pairs. This table encodes the 
atomic number, the occupancy of each electronic energy level and 
the occupancy of the valence shell for each atom or ion. A learnable 
linear transformation then maps the electronic configurations to a con-
tinuous embedding vector, which is passed into a transformer model. 
During autoregressive generation, the model produces sequences of 
tokens specifying elements and their counts, which are combined into 

a chemically valid formula. This formula serves as input to the geomet-
ric diffusion model in stage 2. More details on the implementation of 
our elemental language model can be found in the ‘Chemical formula 
generation’ section in the Methods and Supplementary Section 2.1.

Stability-guided generation and fine-tuning in CrysVCD
Building on the CrysVCD architecture, we present examples of gener-
ated crystals in Fig. 3a, including alloys and ionic compounds with 
varying chemical complexity. The oxidation states for all elements 
are all labeled in Fig. 3a, and all generated crystals are guaranteed to 
be valence-balanced by construction. To evaluate the structural qual-
ity of the generated crystals, we assess two stability metrics: (1) the 
energy above hull (Ehull) and (2) the phonon imaginary frequencies 
of the generated structures. Structures with low Ehull and an absence 
of imaginary phonon modes are generally regarded as indicators of 
thermodynamic and dynamic stability, respectively. A key feature of 
CrysVCD compared with other generative approaches lies in its explicit 
incorporation of stability-guided learning. Other material generative 
models often operate in a purely data-driven manner, learning directly 
from known structure databases composed of stable compounds. This 
introduces an intrinsic bias into the generative process that limits their 
ability to generalize beyond the training distribution.

To overcome this limitation, we adopt a concurrent learn-
ing framework that integrates unconditional generation with 
stability-conditioned fine-tuning, as shown in Fig. 2b. The process 
begins with training an unconditional CrysVCD model on the MP-20 
dataset to learn general crystal representations. This model is then 
used to generate a diverse set of hypothetical compounds, which are 
explicitly evaluated using high-throughput stability screening. These 
results are labeled as either stable positive (green) or unstable negative 
(yellow) and used to construct a new dataset. These newly labeled sam-
ples are then aggregated into a training dataset (dotted blue line) for a 
second-step conditional CrysVCD model, which is trained to generate 
structures conditioned on stability labels. This closed-loop feedback 
pipeline enables active learning in CrysVCD, where the model not only 
generates but also learns from its own outputs. By incorporating both 
stable and unstable generations, CrysVCD gains insight into structural 
features that lead to instability and can adapt accordingly.

We benchmark the stability of materials generated by CrysVCD in 
Fig. 3 in terms of stability metrics. Even without conditional fine-tuning, 
CrysCVD exhibits a lower Ehull distribution compared with the existing 

Geometric
di�usion model

With conditional guidance

Constraint valencePhonon stable = True
Dielectric constant = 50

Properties

Start ZrO2
O2– × 2Zr4+ × 1 End

Step 2. Generate crystal structure

Step 1. Generate valid chemical formula

Elemental language model

Property-guided generation

Initialization Generated crystal

Fig. 1 | Overview of CrysVCD. Rather than performing pure data-driven 
denoising diffusion generation, CrysVCD introduces a two-step, property-
guided pipeline that incorporates physical and chemical constraints. A 
property-conditioned elemental language model first generates a composition 

with balanced chemical valence (for instance, ZrO2), which is then refined by a 
geometric diffusion model under classifier-free guidance, which interpolates 
conditional and unconditional outputs. Properties can encode thermodynamic 
stability as well as target functional performance.
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DiffCSP model, as shown in Fig. 3b, despite the fact that the diffusion 
model of CrysVCD is DiffCSP. This is attributed to stage 1 of CrysVCD, 
which ensures balanced chemical valence for generated crystals and 
demonstrates the generalizability of CrysVCD to improve other genera-
tive models. To further evaluate the stability of the generated crystals, 
we use MatterSim to evaluate the Ehull and phonon frequencies, and use 
these labels to fine-tune the CrysVCD model. The stability fine-tuned 
CrysVCD model generates substantially lower Ehull distributions than 
the unconditional CrysVCD model. Moreover, the fine-tuned CrysVCD 
generates fewer phonon imaginary frequencies than the unconditional 
CrysVCD (Fig. 3c). The portion of phonon-stable configurations (with-
out any imaginary frequency) in the generated crystals increases from 
49% (unconditional) to 68% (fine-tuned). These results demonstrate 
that CrysVCD can effectively generate phonon-stable structures. We 
further conducted systematic benchmarking of computational speed 
and generated-structure stability against MatterGen and CDVAE, which 
are implemented using architectures distinct from the DiffCSP back-
bone (Supplementary Section 3.1). Under identical training conditions 
on the MP-20 dataset, our model outperforms or matches these meth-
ods in both efficiency and quality.

Generating high-performance functional materials with 
CrysVCD
Having established the architecture and stability-guided learning 
framework of CrysVCD, we now demonstrate its capability to generate 
functional materials tailored for real-world applications. Specifically, 
we focus on two technologically important categories: materials with 
intrinsically high thermal conductivity and those exhibiting high dielec-
tric constants (high-κ), both of which are crucial for next-generation 
microelectronic systems. Materials with high phonon thermal conduc-
tivity (kph), as well as those that are electrically insulating, are vital for 
thermal management in microelectronics and energy systems21. While 
high-throughput screening have identified promising candidates22–24, 
finding stable, intrinsically high kph remains challenging. Diamond 
leads in kph but has a high cost, and other recent generative efforts are 
limited to carbon allotropes25.

To discover more high-kph materials, we fine-tuned CrysVCD using 
a screened subset of the MP-20 dataset guided by phonon transport 
knowledge. As shown in Fig. 4a, we prioritize materials that are likely 
to exhibit high phonon group velocities and long phonon lifetimes26 by 

focusing on materials with lighter elements, strong covalent or mixed 
bonding and simple unit cells (<12 atoms), which can increase group 
velocities and reduce phonon scattering. Moreover, we exclude metal-
lic compounds and gas-phase species to focus on phonon-dominated 
heat transport.

The resulting screened dataset serves both as the training set for 
conditional CrysVCD, as well as a benchmark for assessing its ability 
to emulate expert-driven design. After fine-tuning the conditional 
generative model for thermal conductivity targets, CrysVCD shifts its 
generative distribution toward high-kph candidates (Fig. 4b). Compared 
with the base model, the conditioned version generates structures with 
kph values aligned with expert-curated materials.

Among the generated compounds, we highlight hexagonal GeC 
with high thermal conductivity kph = 183 W m−1 K−1. Notably, this material 
does not appear in the MP-20 dataset. Its crystal structure and phonon 
band structure are shown in Fig. 4c. Combined with a wide bandgap of 
2.34 eV, GeC is a promising candidate for thermal management appli-
cations. The large acoustic–optical phonon gap shown suppresses 
phonon scattering, contributing to its high thermal conductivity. Inter-
estingly, given its chemical simplicity, hexagonal GeC is present in the 
Materials Project database, and prior DFT studies have predicted cubic 
GeC to exhibit very high thermal conductivity27 (270 W m−1 K−1). How-
ever, so far, no crystalline phase of GeC, either cubic or hexagonal, has 
been experimentally synthesized, and the thermal transport properties 
of crystalline GeC therefore remain unexplored experimentally. Crys-
VCD’s ability to identify hexagonal GeC with a similarly high predicted 
thermal conductivity highlights its potential for discovering physically 
consistent functional materials beyond current experimental coverage.

To further validate the efficacy of CrysVCD, we conducted another 
study on high-κ dielectrics, that is, materials with a high dielectric 
constant ε. These materials are of substantial technological interest 
for applications in capacitors, transistors and other microelectronic 
devices. Owing to the high computational cost of DFT-based opti-
cal properties, it is impractical to evaluate each generated structure 
using first-principle methods. To address this bottleneck, we leverage 
an existing database and trained another machine learning-based 
surrogate model that can provide rapid and reasonably accurate pre-
dictions of ε. As shown in Fig. 4d, we began by collecting 944 entries 
from the Materials Project within the MP-20 dataset, which contains 
DFT-computed dielectric data. This dataset is used for both fine-tuning 
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Evaluate

Positive 
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Fig. 2 | Strategies of CrysVCD architecture and training. a, The tokenizer for 
the elemental language model as stage 1 of CrysVCD. Chemical formulas are first 
parsed into valence-specific elemental tokens with electronic configurations 
of oxidation states. These tokenized vectors are then passed into the geometric 
diffusion model (stage 2) for the structure generation of CrysVCD. b, The 
concurrent learning scheme of CrysVCD for optimizing the generative quality. 

An unconditional CrysVCD model is initially trained on materials with positive 
labels, and generated structures are evaluated for target properties (for example, 
stability metrics). On the basis of these evaluations, structures are labeled as 
positive or negative and used to fine-tune a conditional CrysVCD model. This 
concurrent loop enables targeted generation with improved quality in terms of 
stability or other desired properties.
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the CrysVCD model for conditional generation and training the sur-
rogate model for predicting the dielectric constant. The surrogate 
model is implemented as an E(3)-equivariant GNN18,28, adapted from a 
GNNOPT architecture for optical property prediction29. Once trained, 
the GNNOPT model is integrated into the conditional generation loop 
of fine-tuned CrysVCD to rapidly evaluate and guide the selection of 
candidate materials with high ε. The predictive performance of the 
E(3)-equivariant surrogate model is shown in Supplementary Section 3.

The resulting distribution of ε for generated materials, shown in 
Fig. 4e, exhibits a clear shift toward higher ε values compared with the 
original MP-20 dataset. During conditional generation, we explicitly set 
the target property to ε = 50, guiding CrysVCD to prioritize candidates 
above this threshold. As a result, a substantial number of generated 
materials achieve ε > 50, in contrast to the original dataset, where such 
high-dielectric entries are rare. This demonstrates the effectiveness 
of CrysVCD to steer the generative process toward chemically valid, 
high-ε candidates. Among the top-performing candidates, we iden-
tify CoSnO2, which is not present in the Materials Project database. It 
exhibits a high dielectric constant, with εθ = 62.2 predicted by the sur-
rogate model, and a principal component value of εDFT,zz = 70.5 verified 
by DFT (Fig. 4f). However, it should be noted that these results rely on a 
surrogate model trained on DFT-computed dielectric data, which may 
still deviate from experimental values. Improving surrogate accuracy 
and bridging the gap between DFT and real-world behavior remain 
important directions for future work.

Discussion
Our work highlights the potential of chemical composition as a natural 
modality for generative modeling in materials science, which is widely 
supported in predictive models30,31. By first generating valid chemical 
compositions and then producing their crystal structures, our work 
helps yield stable candidates that are consistent with valence balance 
and bonding principles. Unlike purely data-driven approaches, our 

framework is explicitly guided by physical and chemical constraints. 
The chemical composition generation is explicitly guided by charge 
neutrality constraints, and element embeddings are initialized using 
electronic configurations. This design enables the model to capture 
periodic trends, accommodate multiple oxidation states and handle 
complex chemistry such as mixed-valence compounds.

To address the scarcity and uneven distribution of experimental 
data, such as thermal conductivity or dielectric constants, we integrate 
the generation pipeline with machine-learning-accelerated predictive 
models. These models are not only applied for efficient post hoc evalu-
ation of generated candidates, but also provide synthetic property 
labels that can be used to steer the generative model in subsequent 
rounds, or accommodate data augmentation from human expertise. 
This generation–prediction concurrence transforms the model into 
an active explorer of the chemical space, extrapolating beyond the 
support of the original dataset and proposing materials with novel 
compositions and desirable properties.

Nevertheless, the performance of CrysVCD is still constrained 
by the MP-20 training data, which excludes materials containing lan-
thanides, actinides, molecular crystals and other complex motifs 
such as zeolites and metal–organic frameworks. Within the remaining 
chemical space in the MP-20 dataset, although our valence decompo-
sition covers 97.6% of the materials, there are potentially high-value 
materials with exotic oxidation states being overlooked by our model. 
For those successful valence decompositions, we emphasize that 
they provide a chemically consistent interpretation of composition, 
rather than a unique assignment of oxidation states. Multiple valence 
configurations may satisfy the same stoichiometry and represent 
distinct redox tendencies. Therefore, in our framework, valence serves 
primarily as a constraint to guide the generation toward chemically 
plausible compositions, while the definitive valence assignment 
must ultimately be assessed through downstream evaluations, such 
as electronic-structure analysis and crystal structure validation.

c
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Fig. 3 | Thermodynamic and phonon stability of generated crystals by 
CrysVCD. a, Examples of generated crystals from CrysVCD, including alloys 
(binary and ternary) and ionic compounds with oxidation states (ternary and 
quaternary) from left to right. b, The normalized probability distribution of 
the energy above hull (Ehull) of 4,000 crystal structures generated by different 
versions of CrysVCD models and the previous generative model DiffCSP9 without 

fine-tuning on Ehull. CrysVCD fine-tuned with an Ehull threshold of 0 and −0.05 eV 
per atom, and CrysVCD without conditional fine-tuning are included in the 
comparison. c, The normalized probability distribution of phonon imaginary 
frequencies of 4,000 generated crystal structures by CrysVCD before and 
after conditional fine-tuning with labels of phonon stability evaluated by the 
MatterSim-v1.0.0-5M model10.
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Besides chemical diversity and validity, we acknowledge that our 
current framework is limited to the discovery of ideal crystalline materi-
als, which assume integer stoichiometries and determined atomistic 
structures. However, mechanisms mediated by defects, doping and 
disordered structures are essential to many desired properties and 
relevant applications. Although those important characteristics have 
not been considered in our framework, we note that our valence-based 
compositional modeling remains promising with future extensions to 
defect-aware generation. For example, materials with point defects 
typically derive from perturbations of ideal valence-balanced composi-
tions rather than complete violations of the valence rules. Compared 
with generative models without any constraints on chemical composi-
tion, our framework provides a chemically grounded starting point that 
could serve as a foundation for generating more realistic and stable 
defect-containing structures, with the development of modeling in 
nonideal crystal structure models.

In addition, we emphasize that verifying experimental synthe-
sizability remains a fundamental and ongoing challenge in materials 
discovery. Standard computational criteria, such as phonon stability 
or Ehull at zero temperature, are neither sufficient nor necessary condi-
tions for experimental realization. Many experimentally synthesized 
materials are known to exhibit relatively high DFT-predicted energies 
above the hull at zero temperature, while conversely, some thermo-
dynamically and dynamically stable phases are difficult to synthesize 
owing to kinetic barriers, growth conditions or metastability effects. 
Bridging this gap between computational stability and experimental 
realizability will require a systematic incorporation of experimental 
data, finite-temperature effects and synthesis-aware constraints.

In the future, we hope the growth of material databases and new 
backbone algorithms for crystal generation can be incorporated 
into our model and extend it to a broader chemical and structural 
space. Ultimately, CrysVCD is designed as a modular and extend-
able plugin architecture that can be readily integrated into existing 
generative frameworks to enforce chemically valid discovery toward 
desired properties.

Methods
Chemical formula generation
We define a set of ‘valid atom types’ (A) by excluding noble gases, lantha-
nides, actinides and other radioactive species from the periodic table. 
We manually compiled a list of commonly observed nonzero oxidation 
states in ionic compounds and assigned an additional zero valence to 
those atom types that typically appear in alloys, forming a set of valid 
oxidation states V = {V(a): a ∈ A}. Using this oxidation state list, we devel-
oped a valence labeling algorithm for the compounds containing only 
valid atom types in the MP-20 subset of the Materials Project32. Each 
material’s valence assignment is represented as a set of tuples {(avi

i , ci)}, 
where av denotes the atom type a in valence state v, and c denotes the 
number of atoms of type a and valence v in the unit cell. A valid assign-
ment must satisfy the charge neutrality condition ∑civi = 0.

For a material with a unit-cell stoichiometry AxBy⋯Cz, we classify 
it as an alloy if 0 ∈ V(a) for all a ∈ {A, B,⋯, C}, and label it as {(A0, x),  
(B0, y),⋯, (C0, z)}. Otherwise, it is treated as an ionic compound. For 
ionic materials, we perform a breadth-first search over all nonzero 
valence combinations of the atoms in its stoichiometric unit from V to 
identify a valid assignment. This atom-wise treatment accommodates 
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Fig. 4 | Generation of high-performance functional materials with CrysVCD. 
a, The workflow of first-principles calculations to generate a thermal conductivity 
dataset considering phonon anharmonicity. b, The probability distribution of the 
thermal conductivity of materials generated by the unconditional CrysVCD model 
and CrysVCD fine-tuned to maximize thermal conductivity. The distribution of 
high thermal conductivity materials from the training dataset selected by human 
intuition is shown as a reference. The dashed red line denotes kph = 100 W m−1 K−1 
as the generative condition. c, First-principles calculations of the phonon 
band structure of a high thermal conductivity material, GeC, generated by the 

CrysVCD model fine-tuned to maximize thermal conductivity. d, The workflow for 
conditional CrysVCD generation on a dielectric constant. A surrogate model for 
a static dielectric constant (ε) is trained on 944 MP-20 entries, then used to guide 
CrysVCD toward generating structures with high ε. e, The probability distribution 
of ε for 1,800 generated materials (orange) versus original MP-20 dataset (blue), 
showing a rightward shift indicating successful targeting of high-ε candidates. 
The dashed red line denotes ε = 50 as the generative condition. f, A new high-κ 
candidate generated by CrysVCD CoSnO2. The surrogate model predicts a 
dielectric constant of εθ = 62.2, with DFT verification yielding εDFT,zz = 70.5.
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mixed-valence states in complex compositions of ionic compounds. 
For example, Fe3O4 is labeled as {(Fe2+, 1), (Fe3+, 2), (O2−, 4)}, and 
Fe4[Fe(CN)6]3  (Prussian Blue) is labeled as {(Fe2+, 3), (Fe3+, 4), (C(II), 
18), (N(-III),18)}. To improve efficiency, the search branch is pruned if 
remaining atoms with their plausible valence ranges in V cannot neu-
tralize the searched atoms. In addition, we impose comproportionation 
constraints to avoid infeasible configurations: no element may simul-
taneously exhibit both positive and negative oxidation states, and if 
three oxidation states u < v < w appear in V(a), then coexistence of au, 
aw is prohibited. Materials that fail to obtain a valid valence assignment 
or contain invalid elements are excluded. The remaining successfully 
labeled materials form the dataset ‘MP-20-valence’, which has 8,299 
alloys and 7,491 ionic compounds in its training partition. We note that 
the comproportionation constraint introduces an inductive bias for 
computational tractability; in cases such as proton (H+)/hydride (H−) 
defect coexistence in semiconductors33, elements may simultaneously 
exhibit positive and negative oxidation states, which are not captured 
under the present scheme.

We adopt the GPT-234 implementation on the Huggingface plat-
form35 for our chemical formula transformer, and design a 
domain-specific embedding scheme tailored to the valence assignment 
representation in MP-20-valence. For a count c, ranging from 0 to 20 in 
all MP-20-valence entries, we embed it into 21 learnable word embed-
dings hc ∈ ℝd. For a valence-labeled atom type av we define a vocabulary 
of 217 unique tokens in {av: a ∈ A, v ∈ V(a)}, augmented with two special 
tokens: ‘<START>’ and ‘<END>’. They are first embedded into 219 learn-
able word embeddings h(1)av ∈ ℝd. Furthermore, inspired by the electronic 
embedding proposed in SpookyNet20, we encode the electron counts 
of each orbitals in their full electronic configuration and the valence 
shell configuration for each av token by a linear transformation into a 
vector h(2)av ∈ ℝd, while special tokens are mapped to zero vectors of the 
same dimensionality. As a result, each (av, c) pair is embedded as the 
combination h(1)av + h(2)av + hc ∈ ℝd. A valence assignment of l pairs will be 
converted to a sequence, padded with (<START>,0) and (<END>,0) at 
its head and tail, and transformed into an embedding sequence of 
ℝ(L+2)×41, which serves as the word embedding of the transformer.

The transformer performs next-token prediction in an autoregres-
sive way. The next-token probability is predicted as a concatenated logit 
[yav ||yc] ∈ ℝ240 , where yav ∈ ℝ219  corresponds to the logit of 
valence-labeled element tokens, and yc ∈ ℝ21 corresponds to the logit 
of count tokens. In the training stage, we augment each training data 
entry by at most three times with random permutations of the valence 
assignment tuples. Two transformers for alloys and ionic compounds 
are separately trained with the total cross-entropy loss of the two logits 
in a teacher-forcing scheme36. In the inference stage, the sequence gen-
eration starts with (<START>,0), extends by sampling the next token (av, 
c) with the highest probability and ends when it reaches the maximum 
length of ten or generates <END> for av. We append a filter to the trans-
former for ionic compounds to ensure that only charge-balanced genera-
tion results are passed to the diffusion model. The initial atom-type 
condition A0 of the diffusion model in equation (2) is compiled from ai 
and ci of a valid generated sequence. The chemical formula transformer 
is thus trained using an autoregressive cross-entropy loss ℒCE over the 
valence-labeled elemental tokens and atom-count tokens. Specifically, 
the training objective of the chemical formula transformer is

ℒCE = −𝔼𝔼(av
i ,ci) ∑

i
[logpϕ (av

i+1|a
v
≤i, c≤i) + logpϕ (ci+1|av

≤i, c≤i)] , (4)

where pϕ denotes the autoregressive transformer, and av
i  and ci are the 

ith valence-labeled element token and atom-count token.

Property-guided conditional crystal generation
Our model supports two types of properties as the generation condi-
tion. The first type is binary properties, taking values in {0, 1}, such 

as phonon stability. The second type is continuous properties, rep-
resented as real-valued scalars, including properties such as Ehull and 
thermal conductivity. Each property has an adapter channel that 
transforms its value into an embedding vector hp for the chemical 
formula transformer and the crystal diffusion model, respectively. 
A binary property is embedded by a word-embedding layer of size 
2, while a continuous property is transformed by a linear mapping. 
When conditioned on multiple properties, all property embeddings 
are added together.

The chemical formula transformer adds its own hp to the 
atom-valence and count embedding of the <START> during training 
on property-labeled datasets and during conditioned generation. The 
crystal diffusion model adds its own hp to each initial atomic feature 
in its score estimator. The geometric diffusion model is first trained 
unconditionally using the standard denoising score-matching objec-
tive for diffusion models,

ℒuncond = 𝔼𝔼t,X0 ,L0 , [‖ϵ − ϵθ(Xt,Lt, t)‖
2] , (5)

where ϵ ∼ (0, I) is the Gaussian noise added at diffusion step t, and ϵθ is 
the E(3)-equivariant network predicting the injected noise. More details 
regarding the crystal structure generation, including the incorporation 
of periodic boundary conditions, are shown in Supplementary 
Section 2.2.

To enable conditional generation, we adopt classifier-free 
guidance14, in which the same network is trained to also model the 
conditional distribution by providing the property embedding hp as an 
additional input. During training, hp is randomly dropped with a fixed 
probability, such that the conditional and unconditional objectives 
are jointly optimized using a single loss,

ℒCFG = 𝔼𝔼t,X0 ,L0 ,ϵ,hp [
‖
‖ϵ − ϵθ(Xt,Lt, t|hp)‖‖

2
] . (6)

No explicit regression loss is imposed on the target properties; 
instead, property information enters solely through conditioning. 
We adopted a guidance weight w = 2 to scale the distribution condi-
tioned on hp. It replaces p(Xt, Lt) in equation (2) during the conditional 
denoising process.

pw(Xt,Lt|hp) ∝ p(hp|Xt,Lt)
wp(Xt,Lt)

∝ ( p(Xt ,Lt |hp)
p(Xt ,Lt)

)
w
p(Xt,Lt)

∝ p(Xt,Lt|hp)
wp(Xt,Lt)

1−w

. (7)

During inference, that is, the generation of crystal structures, the 
conditional score corresponding to equation (2) is obtained by taking 
gradients of the logarithm with respect to Xt and Lt.

∇lnpw (Xt,Lt|hp) = w∇lnqθ (Xt,Lt|hp) + (1 −w)∇lnqθ (Xt,Lt) ,

where the conditional score is estimated by the score model with prop-
erty embeddings hp, and the unconditional score is obtained by replac-
ing hp with a zero vector.

MLIP and DFT calculations
Machine-learning interatomic potentials (MLIPs) provide a compu-
tationally efficient surrogate for first-principles electronic-structure 
methods such as DFT by learning the potential energy surfaces (PESs) 
from large sets of first-principles calculations. Once trained, MLIPs 
can predict energies, forces and Hessians on the PES with near-DFT 
accuracy at a fraction of the computational cost, enabling large-scale 
structural relaxation, formation energy calculations and phonon analy-
ses that were previously computationally prohibitive with DFT alone. 
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This makes MLIPs particularly suitable for high-throughput evaluation 
of candidates generated by data-driven models, where both physical 
fidelity and computational efficiency are required.

In this work, we adopt the pretrained MatterSim models37 as 
our MLIP backend to perform structural relaxation, Ehull evalua-
tion and phonon stability analysis in tandem with our generative 
model. MatterSim models are a family of foundation models of 
MLIPs pretrained on 17 million DFT-calculated structures from a 
diverse chemical and configurational space of inorganic crystals, 
which sufficiently cover the MP-20 chemical space we generate 
the crystal from. They fuse the M3GNet38 and GeoMFormer39 GNN 
architecture. They encode the atom type and the local geometry 
(two-body and three-body combinations in a distance cutoff) of 
each atom with equivariant descriptors (atom-type embeddings, 
distances and spherical harmonics of bond angles), model their 
interactions by equivariant message-passing mechanisms and derive 
the forces with auto-differentiation of the energy, thus preserving 
the permutational, translational and rotational symmetry of the PES 
and energy conservation during the simulation in physical reality. 
Furthermore, previous benchmarks have shown that these models 
achieve near-DFT accuracy for formation energies, atomic forces 
and phonon-related quantities within their applicable domain40. 
Therefore, MatterSim models in our framework act as a reliable 
stability filter and thermal conductivity estimator, which enables 
scalable virtual screening and labeling mechanism while preserving 
a clear path toward first-principle verification.

MatterSim models are connected to the Atomic Simulation Envi-
ronment (ASE) Python package in our simulation protocols41. The Ehull 
is evaluated using the MatterSim-v1.0.0-1M model with the convex 
hull information from the Materials Project database32 using the 
pymatgen interface42. The atomic configuration is relaxed with the 
geometry optimization engine in ASE until the max atomic force is 
less than 0.01 eV Å−1 before the Ehull evaluation. For phonon stability, 
we use the MatterSim-v1.0.0-5M model to evaluate the phonon band 
structure. The atomic configuration is first relaxed until the maximum 
atomic force is less than 0.003 eV Å−1 using the BFGS algorithm43. Note 
that higher accuracy settings are adopted owing to the high require-
ments for phonon calculations. If the relaxation does not converge 
within 200 steps, the structure is considered unstable. The force 
constant matrix of the system is then calculated by the finite differ-
ence method with a differential step size of 0.1 Å. The phonon spec-
trum is evaluated using the phonon module of ASE with a supercell 
size of at least 20 Å in each direction and a k-point mesh of 8 × 8 × 8. 
Phonon frequencies at all k points in each configuration are included 
in the statistics shown in Fig. 3b. A structure is considered dynami-
cally unstable if substantial imaginary phonon modes (imaginary 
frequencies over 0.01 THz) are present, excluding numerical noise 
near zero, and the criteria remains consistent with the screening of 
thermal conductivity.

For the calculation of thermal conductivity, we use the phono3py 
package44,45, which requires second-order and third-order force con-
stants to perform anharmonic phonon scattering calculations. We 
generate 1,800 materials with a fine-tuned CrysVCD model on thermal 
conductivity, and supply these second-order and third-order force 
constants using MatterSim-v1.0.0-5M for screening, and DFT results for 
benchmarking on the 368 candidates (Fig. 4a), as well as verification of 
the high thermal conductivity candidate GeC (Fig. 4c). For both MLIP 
and DFT calculations of force constants, we construct supercells using 
the finite-displacement approach under the frozen phonon method. 
For the calculation of dielectric constants, we use the GNNOPT sur-
rogate model to screen 4,000 candidates generated by a fine-tuned 
CrysVCD model, as discussed in the main text. Then we use density 
functional perturbation theory to verify the high-kappa dielectric 
CoSnO2. All DFT calculations are conducted using the Vienna Ab initio 
Simulation Package (VASP, version 6.4.3)46. The projector-augmented 

wave method47,48 is used, with exchange-correlation effects described 
by the Perdew–Burke–Ernzerhof formulation of the generalized 
gradient approximation49. The plane-wave cutoff energy is set as  
1.2 × max(ENMAX) for sufficient convergence. Calculations are per-
formed on a k-point mesh centered at the Γ point, with resolved value 
kmesh = 0.03 × 2π Å−1 for each structure. In addition, our data analysis on 
DFT results utilizes the VASPKIT package50.

Data availability
The training data and generated crystals with predicted functional 
properties are available via Zenodo at https://doi.org/10.5281/
zenodo.20453419 (ref. 51). Source data are provided with this paper.

Code availability
The code used in this study is available via Zenodo at https://doi.
org/10.5281/zenodo.20453419 (ref. 51) and via GitHub at https://github.
com/vipandyc/CrysVCD.
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