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Accurately predicting the synthesizability of inorganic crystal materials serves as a pivotal tool for the efficient screen-
ing of viable candidates, substantially reducing the costs associated with extensive experimental trial-and-error processes.
However, existing methods, limited by static structural descriptors such as chemical composition and lattice parameters,
fail to account for atomic vibrations, which may introduce spurious correlations and undermine predictive reliability. Here,
we propose a deep learning model termed integrating graph and dynamical stability (IGDS) for predicting the synthesiz-
ability of inorganic crystals. IGDS employs graph representation learning to construct crystal graphs that precisely capture
the static structures of crystals and integrates phonon spectral features extracted from pre-trained machine learning inter-
atomic potentials to represent their dynamic properties. Our model exhibits outstanding performance in predicting the
synthesizability of low-energy unsynthesizable crystals across 41 material systems, achieving precision and recall values
of 0.916/0.863 for ternary compounds. By capturing both static structural descriptors and dynamic features, IGDS pro-
vides a physics-informed method for predicting the synthesizability of inorganic crystals. This approach bridges the gap
between theoretical design concepts and their practical implementation, thereby streamlining the development cycle of new
materials and enhancing overall research efficiency.

Keywords: crystal synthesizability prediction, deep learning, graph learning, AI for science
PACS: 61.50.Ah, 63.20.D–, 81.05.Zx, 07.05.Mh
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1. Introduction

Designing novel inorganic functional materials that are
readily synthesizable remains a central goal within the dy-
namic field of materials science. Recent advancements in
high-performance computing, electronic structure calcula-
tions, and data-driven approaches have significantly accel-
erated the design of innovative inorganic functional materi-
als, particularly in applications such as energy storage,[1,2]

electrocatalysis[3] and photovoltaics.[4] These developments
provide a solid theoretical foundation for discovering high-
performance materials.

However, a significant challenge in the exploration of new
crystalline materials lies in assessing their experimental syn-
thesizability. Current predictions of synthesizability largely
depend on empirical knowledge and heuristic judgments, lead-
ing to a notable deficiency in universal, efficient models for
systematic assessment. This gap severely impedes the pace at
which experimental material discovery and development can
progress, making it essential to develop a model that can ac-
curately and rapidly estimate crystal synthesizability.[5]

Despite recent advances, prevailing methodologies for
predicting crystal synthesizability still face significant limi-
tations. A prevalent approach relies on the minimum free
energy principle, which indirectly addresses synthesizability
by restricting the search to structures with total energy at
the global minimum. However, such methods typically con-
centrate on ground-state structures.[6] In this context, Gibbs
energy, a fundamental indicator of crystal stability, is ex-
tensively utilized.[7] Yet, obtaining Gibbs energy experimen-
tally is challenging, as it requires thermodynamic measure-
ments such as phase-transition temperatures and heat capaci-
ties, which limits the practical exploration of material stability
and synthesizability.[8]

In the quest for new materials, the formation energy or
the energy above the convex hull, derived from density func-
tional theory (DFT) calculations performed at 0 K, is also em-
ployed as a preliminary estimate of synthesizability. How-
ever, studies involving high-throughput screening of numer-
ous crystal structures using DFT have demonstrated that many
theoretically low-energy geometries remain unsynthesized in
experiments.[9] Consequently, relying solely on the energy
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above the ground state cannot be deemed a reliable indicator of
synthesizability.[6,9] As an alternative, the “amorphous limit”
concept proposed by Aykol et al.[10] has attracted widespread
attention because it provides a thermodynamic upper bound
for the synthesizability of materials. Nonetheless, for each
new composition, a new energy reference point must be es-
tablished, making the method composition-dependent.

Although conventional methodologies have provided
valuable insights into materials synthesis, the correlations be-
tween candidate materials and the physical processes influ-
encing their synthesizability have yet to be adequately eluci-
dated. This unresolved complexity has driven the development
of machine learning-based predictive frameworks that iden-
tify latent patterns within expansive datasets. For instance,
SynthNN[11] employed deep networks to learn the relation-
ship between elemental composition and synthesizability, en-
abling rapid chemical space exploration but failing to distin-
guish polymorphs. Moving beyond composition-based ap-
proaches, Davariashtiyani et al.[12] encoded crystal structures

as voxel images and employed a convolutional neural net-
work to extract spatial features for synthesizability prediction,
although this voxelization process may sacrifice certain pre-
cise structural details. Zhu et al.[13] combined real-space and
reciprocal-space descriptors through discrete Fourier trans-
forms to incorporate periodicity. Meanwhile, graph neu-
ral networks (GNNs) have emerged as a powerful approach
for structure-aware synthesizability predictions. By pioneer-
ing the use of graph representations in materials informatics,
the crystal graph convolutional neural network (CGCNN)[14]

laid the foundation for subsequent models such as crystal-
likeness scores (CLscore).[15] Notably, these approaches pre-
dominantly rely on mapping static structural descriptors of
crystals to synthesizability while neglecting the intrinsic dy-
namical properties associated with atomic vibrations. This in-
complete feature representation introduces systematic uncer-
tainties that may lead to spurious or inaccurate correlations,
ultimately compromising both the reliability and predictive ac-
curacy of the models.
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Fig. 1. Overview of the IGDS framework. The crystal structure with N atoms per unit cell is converted into an invariant crystal graph via
the crystal representation module. Based on this representation, the graph learning module utilizes t transformer layers with H attention heads
to perform message passing. Concurrently, the phonon stability encoding module employs the MACE model to compute atomic-level energy
contributions and predict forces. Supercell atomic displacements are combined with forces predicted by the machine-learning model to derive
force constants, which are then diagonalized in the dynamical matrix to obtain phonon spectra. By integrating these dynamic features with
crystal graph representations, the model effectively captures the interplay between structural and dynamic properties, enhancing its ability to
predict synthesizability and identify experimentally realizable materials.
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Here, we introduce an innovative integrated graph and dy-
namical stability (IGDS) approach, a deep learning model de-
signed to precisely predict the synthesizability of crystalline
materials (Fig. 1). To inherit constraints of the underly-
ing physics,[16] IGDS leverages graph representation learn-
ing to construct an E(3)-invariant crystal graph that explicitly
encodes the unique periodicity of the crystal, ensuring that
its feature representation remains invariant under translation,
rotation, and reflection. IGDS ensures periodic invariance
by incorporating atoms in adjacent unit cells into the crys-
tal graph to explicitly encode the lattice periodicity. Given
that metastable materials, although thermodynamically unsta-
ble, can nonetheless be synthesized under certain conditions
and remain dynamically stable,[17] a comprehensive predic-
tive model for crystal synthesizability should also incorporate
atomic vibrational dynamics. These dynamical stability fea-
tures are critical for capturing the nuanced interplay between
thermodynamic and kinetic factors that govern their forma-
tion. Specifically, we extracted phonon spectral features by
computing the force constant matrix from small atomic dis-
placements using a pre-trained interatomic potential and di-
agonalizing the dynamical matrix. Subsequently, the crystal
graph features and dynamical stability features were integrated
to effectively capture the complex interactions between static
structures and dynamical properties, enhancing the efficiency
of feature learning. Evaluation results on the materials project
(MP)[18] dataset demonstrate the effectiveness of our IGDS
model in precisely predicting crystal synthesizability. Further-
more, the quantitative visualization highlights the model’s ex-
ceptional performance, particularly in identifying low-energy
unsynthesizable crystals, underscoring its robustness and pre-
cision.

2. Methodology
Predicting inorganic crystal synthesizability requires

atomic-scale modeling and adherence to crystallographic sym-
metry constraints in deep learning frameworks. IGDS inher-
its the fundamental physical constraints of crystals by con-
structing invariant features through the crystal graph. This
representation enables a more comprehensive and accurate
understanding of the geometrical properties of crystals, al-
lowing the model to capture essential characteristics crucial
for downstream prediction. Furthermore, IGDS incorporates
both static structural features and phonon features reflecting
the dynamic behavior of crystals at 0 K. The structural fea-
tures are augmented with dynamic stability features to better
identify potentially synthesizable crystals. In this section, we
first provide a detailed introduction to crystal representation
in Subsection 2.1. Then, in Subsection 2.2, we present the
graph learning module for capturing the static structural fea-
tures of crystals. Finally, Subsections 2.3 and 2.4 present the

phonon stability encoding module and the training details, re-
spectively.

2.1. Crystal representation

Unlike molecules, crystal structures exhibit periodic ar-
rangements in three-dimensional space. They consist of a unit
cell along with an atomic basis, which is the set of atoms as-
sociated with that unit cell.

A unit cell containing N atoms is defined as the triplet
C = (𝐴,𝑋,𝐿), where 𝐴 = [𝑎1,𝑎2, . . . ,𝑎N ] is the feature
matrix whose columns 𝑎i ∈ Rda (for i = 1,2, . . . ,N) are da-
dimensional atomic feature vectors and 𝑋 = [𝑥1,𝑥2 . . . ,𝑥N ]

is the position matrix whose columns 𝑥i ∈ R3 represent the
atomic positions in three-dimensional Cartesian space. The
periodicity of the crystal is described by the lattice matrix
𝐿= [𝑙1, 𝑙2, 𝑙3] ∈ R3×3. The infinite crystal is formed by trans-
lating the unit cell along its lattice vectors. For each transla-
tion vector 𝑏∈Z3, the atomic positions become 𝑥′

i = 𝑥i+𝐿𝑏.
Thus, the entire periodic crystal structure can be represented
as
{
(𝑎i,𝑥

′
i)
∣∣i = 1,2, . . . ,N, 𝑏 ∈ Z3

}
.

For a given crystal, we represent the atom i in the unit cell
as a node i and extend this representation to include all its peri-
odic images in the infinite three-dimensional space. Edges are
defined based on the geometric distances between nodes, as
distance reflects the intensity of physical interactions and the
spatial relationships between atoms — factors that are crucial
for capturing the local interactions in crystal structures.[19,20]

To ensure the translational invariance of the crystal graph, it is
necessary to consider multiple adjacencies resulting from the
translation of atoms across different lattice periods when con-
structing edges between nodes. Therefore, for the central node
i, we use the set 𝐷o

ji to determine the edges connecting node j
to it. The formula is as follows:

𝐷 ji =
{

d ji
∣∣d ji =

∥∥𝑥′
j −𝑥i

∥∥
2 , 𝑥′

j = 𝑥 j +𝐿𝑏,𝑏 ∈ Z3
}
, (1)

𝐷o
ji =

{
d ji
∣∣d ji ∈ Sort(𝐷 ji) [: o]

}
, (2)

𝜀 ji =
{
{ j, i}

∣∣d ji ∈𝐷r
ji
}
, (3)

where Sort(𝐷 ji) [: o] denotes the operation of selecting the o
nearest elements based on the k-nearest neighbor distance met-
ric, 𝜀 ji represents the set of edges from atom i to atom j and
its duplicates j′.

Furthermore, lattice vectors 𝑙i ∈𝐿 are key factors describ-
ing the periodic pattern of crystals, determining many phys-
ical properties of the crystal. To accurately distinguish the
symmetric geometric features of different crystalline materi-
als, it is crucial to explicitly embed these periodic patterns
into the crystal graph. However, most existing graph neu-
ral network approaches for crystals, including CGCNN,[14]

have not explicitly considered this periodic pattern embed-
ding. To address this limitation, a straightforward approach
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is to use the lattice vectors derived from the input lattice ma-
trix to define additional edges for the crystal graph. Neverthe-
less, this approach depends on the chosen lattice basis. Dif-
ferent lattice bases — e.g., (𝑙1, 𝑙2, 𝑙3) versus (𝑙1 + 𝑙2, 𝑙2, 𝑙3) —
can describe the same lattice yet yield different graph repre-
sentations, as they are related by a unimodular transformation
with det(T ) = 1.[21] To ensure periodic invariance, we connect
each atom to its corresponding periodic duplicate in adjacent
unit cells, thereby explicitly encoding the lattice’s repeating
spacings via the geometric distances between these inter-cell
atomic pairs. Specifically, for each atom i and its set P of
periodic images (including duplicates), we select three edge
vectors as follows. First, we identify the closest periodic du-
plicate

i′ = argmin j∈P∖{i}‖𝑥i′ −𝑥i‖2, (4)

the corresponding edge vector is defined as 𝑟i′i = 𝑥i′ − 𝑥i.
Since i′ is a periodic duplicate of i, this vector corresponds
to a self-loop edge at node 𝑖, which is di′i = ‖𝑟i′i‖2.

Next, we choose the second duplicate by selecting the
closest candidate distinct from i and i′, ensuring its edge vector
is not collinear with 𝑟i′i. The specific expression is

i′′ = argmin j∈P∖{i,i′}‖𝑥i′′ −𝑥i‖2 subject to 𝑟i′′i /∈ span{𝑟i′i}.
(5)

Finally, we select a third duplicate from P∖{i, i′, i′′} such that
its edge vector is linearly independent of both 𝑟i′i and 𝑟i′′i

i′′′ = argmin j∈P∖{i,i′,i′′}‖𝑥i′′′ −𝑥i‖2 with 𝑟i′′′i /∈ span{𝑟i′i,𝑟i′′i},
(6)

where span{𝑟i′i,𝑟i′′i}= {α𝑟i′i +β𝑟i′′i|α,β ∈ R}.
Based on the magnitudes of vectors 𝑟i′i, 𝑟i′′i, 𝑟i′′′i, 𝑟i′i +

𝑟i′′i, 𝑟i′′i + 𝑟i′′′i, and 𝑟i′′′i + 𝑟i′i, we effectively embed the lat-
tice’s periodic and directional information into the crystal
graph via self-loops, as shown in Fig. 2.

i″

i′′′

i′
||ri′′′i||

||ri′i||

Self-loop di′′′i

Self-loop di′i

Fig. 2. Graph representation of the crystal structure. The edge vectors
connecting atom i to its periodic duplicates, along with the pairwise sums
of these vectors, are used to form self-loops that explicitly encode the
lattice’s repeating pattern and directional information.

Based on our method for constructing the crystal graph,
the node and edge features are specified as follows:

Node embeddings Each node i is represented by its
atomic number Zi, which is transformed into a continuous vec-
tor 𝑎i using the embedding function derived from CGCNN.[14]

Formally, this is expressed as

𝑎i = embedding(Zi) . (7)

Edge embeddings The Euclidean distance d ji between
nodes i and j of the crystal graph is mapped to a continu-
ous vector using a set of S Gaussian radial basis functions
(RBFs).[22] Each component e(s)ji of this vector is computed
as

e(s)ji = exp
(
−
(d ji −µs)

2

2σ2
s

)
, (8)

where s= 1,2, ...,S. The centers {µs}S
s=1 are uniformly spaced

between 0 and a cutoff distance dmax, and the width σs is
fixed as σs = dmax

S . The full embedding vector is 𝑒 ji =(
e(1)ji ,e

(2)
ji , . . . ,e

(S)
ji

)T
.

Leveraging the previously defined node and edge fea-
tures, the proposed crystal graph construction method ensures
E (3) invariance and periodic invariance. Specifically, edge
features are derived solely from the Euclidean distance be-
tween atomic pairs, which is invariant under E (3) transfor-
mations such as translation, rotation, and reflection in three-
dimensional space. Node features, defined by atomic types,
are independent of positional or orientational information, fur-
ther reinforcing invariance to geometric transformations. Fur-
thermore, edge embeddings encode lattices of different sizes
and orientations through a novel neighbor selection strategy
and effective utilization of geometric distances across periodic
boundaries. This approach explicitly captures the periodic pat-
terns inherent in crystal structures, enabling an accurate repre-
sentation of the infinite periodicity of crystals. Moreover, pe-
riodic boundary conditions are explicitly incorporated during
graph construction, ensuring that both edge connectivity and
distance computations are consistent under periodic tiling of
the unit cell. As a result, the graph structure and its features
are invariant under periodic extensions, thereby guaranteeing
periodic invariance.

2.2. Graph learning

We denote the invariant crystal graph constructed based
on Subsection 2.1 as G= ({i},{d ji}). In the transformer layer,
we leverage the node features 𝑎i and 𝑎 j together with edge
features 𝑒 ji to transmit information from a neighboring node
j to the central node i. The messages from all neighboring
nodes are then aggregated to update the node feature 𝑎i at the
t-th layer.

The message from node j to node i is composed of the
corresponding query 𝑞 ji, key 𝑘 ji, and value features 𝑣 ji, which
are defined as follows:

𝑞h
ji =

(
LinearQ

(
𝑎t

i
))∣∣(LinearQ

(
𝑎t

i
))∣∣(LinearQ

(
𝑎t

i
))
, (9)
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𝑘h
ji =

(
LinearK

(
𝑎t

i
))∣∣(LinearK

(
𝑎t

j
))∣∣(LinearE

(
𝑒h

ji

))
, (10)

𝑣h
ji =

(
LinearV

(
𝑎t

i
))

|
(
LinearV

(
𝑎t

j
))

|
(

LinearE

(
𝑒h

ji

))
, (11)

𝛼h
ji =

𝑞h
ji ∘𝑘h

ji√
d𝑘h

ji

, (12)

𝑚h
ji = sigmoid

(
LNorm

(
𝛼h

ji

))
∘Linearupdate

(
𝑣h

ji

)
, (13)

where LinearQ(·), LinearK(·), LinearV(·), and LinearE(·) de-
note the linear transformations for query, key, value, and edge
features, respectively. The symbol “|” indicates concatenation,
while “∘” represents the Hadamard product. Here, d𝑘h

ji
is the

dimensionality of 𝑘h
ji, LNorm(·) stands for the layer normal-

ization operation, and Linearupdate(·) is the linear transforma-
tion used to compute the updated message.

After obtaining coefficients 𝛼h
ji and the message 𝑚h

ji for
the h-th edge between j and i, we aggregate information from
node i’s neighborhood over multiple edges to compute the ag-
gregated message 𝑚i. This message is then used to update the
node feature 𝑎t

i at the next layer

𝑚i = ∑
j∈Ni

∑
h

LNorm
(

LNmsg
(
𝑚h

ji

))
,

𝑎t+1
i = LNf

(
𝑎t

i
)
+σ (BN(𝑚i)) , (14)

where LNmsg(·) and LNf(·) are the linear transformations to
update the messages on edges and the old atom features, re-
spectively. BN(·) indicates batch normalization, and σ(·) is
the softplus activation function.

2.3. Phonon stability encoding

Inspired by metastable materials that are not thermody-
namically stable but may still form under certain synthesis
conditions and remain dynamically stable,[17] we incorporate
the dynamic stability features of crystals into the model. Dy-
namic stability reflects the behavior of crystals during the syn-
thesis process, enabling the model to assess crystal stability
from multiple perspectives. To accurately capture the dynamic
stability of crystals, it is essential to consider phonons, as
they play a critical role in determining dynamic stability.[23]

In the harmonic approximation, a crystal is dynamically sta-
ble if all phonons have real and positive frequencies, which
are determined based on the restoring forces acting on atomic
displacements.[24] However, DFT-based phonon calculations
are computationally expensive, particularly for large or com-
plex structures, as they require numerous force evaluations
across multiple displaced configurations.[25] To overcome this
limitation, we employ a pre-trained machine learning poten-
tial model (MACE-MP-0,[26] which predicts restoring forces
using the MACE framework[27] and is trained on the MPtrj[28]

dataset) to efficiently predict restoring forces, enabling high-
throughput phonon computations.

Specifically, phonon spectral features are computed by
combining the finite displacement method with MACE-MP-
0[26] and PHONOPY.[29,30] A supercell is constructed to cap-
ture interatomic interactions beyond the base unit cell. Within
this framework, small atomic displacements (0.01 Å) are ap-
plied to each symmetry-inequivalent atom to enable MACE-
MP-0 to predict the restoring forces acting on all atoms for
each displaced configuration. These forces in response to
the known displacements provide the information needed to
compute the force constants, which are essentially the second
derivatives of the potential energy. Based on these results,
the force constants are used to construct and diagonalize the
dynamical matrix with PHONOPY,[29,30] thereby yielding the
phonon frequencies and vibrational modes.

From the computed phonon spectra, we extract features
indicative of dynamical stability from both the phonon band
structure and the density of states (DOS). In the phonon band
structure, the presence and magnitude of negative frequencies
serve as primary indicators of potential dynamical instability.
To ensure consistent feature dimensions across different crys-
tal structures, we uniformly sample phonon frequencies along
high-symmetry paths and concatenate them into a fixed-length
vector. For the phonon DOS, the positive-frequency range is
divided into equal intervals, and the integrated density within
each interval is calculated to reflect the distribution of vibra-
tional modes. Finally, the phonon dynamic features are ob-
tained by concatenating the extracted band structure and DOS
features.

2.4. Model implementation and training

The IGDS model architecture employs 128-dimensional
node embeddings derived from CGCNN atomic embeddings.
Edge embeddings are constructed by mapping the Euclidean
distances between nodes into 128-dimensional vectors using
128 Gaussian radial basis functions (RBFs) with centers uni-
formly distributed over the range 0 Å to 8.0 Å. The graph
learning module comprises five transformer layers, each with
four attention heads, where the 𝑞 ji, 𝑘 ji, and 𝑣 ji vectors in each
head have an embedding dimension of 128. For the pretrained
model MACE-MP-0, all key parameters are kept at their de-
fault MACE settings. Among the three MACE-MP-0 variants
(L= 0,1,2 for small, medium, and large models, respectively),
we use the medium variant.

For training, the IGDS model is implemented in PyTorch
and trained on the Materials Project dataset using an 80:10:10
split for training, validation, and testing, respectively. Opti-
mization is performed with the Adam optimizer[31] incorporat-
ing a weight decay[32] of 1× 10−5, together with a one-cycle
learning rate scheduler.[33] The cross-entropy loss is adopted
as the objective function.
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3. Results
In this section, we conduct a comprehensive evaluation

of the IGDS model from multiple perspectives. Specifically,
Subsection 3.2 compares the performance of our model on
different datasets and contrasts it with other methods, Subsec-
tion 3.3 presents a case study demonstrating the application of
IGDS in predicting specific materials, Subsection 3.4 explores
the comparison between IGDS and energy-based metrics, and
Subsection 3.5 evaluates the effectiveness of the model in
identifying dynamic stability features.

3.1. Dataset description

The synthesizability of materials is often influenced by
experimental conditions. However, most existing databases
lack detailed information on these factors. In this work, we uti-
lize the MP dataset (v2018.06.01),[34] which comprises 69239
crystals obtained from the MP.[18] Entries in the inorganic

crystal structure database (ICSD)[35] are assigned unique iden-
tifiers called ICSD IDs and serve as evidence of experimental
validation; that is, a crystal with one or more ICSD IDs has
been successfully synthesized. Consequently, we treat synthe-
sizability prediction as a special case of open set recognition
(OSR),[36] regarding the materials with ICSD IDs as known
and materials without ICSD IDs as unseen samples. By link-
ing the ICSD IDs within the MP database, we adopt the ap-
proach presented by Yan et al.[37] as the baseline for devel-
oping our crystal synthesizability prediction model, IGDS. By
employing the graph neural network to extract crystal struc-
tural information and integrating it with dynamical stability
features computed by a pre-trained machine learning inter-
atomic potential, IGDS enhances inter-class variance and en-
ables implicit discrimination of unseen, unsynthesizable ma-
terials.
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Fig. 3. Performance evaluation of the IGDS model. (a) Comparison of prediction accuracy between IGDS and the SC model[13] for ternary
compounds. (b) Confusion matrix illustrating the performance of the IGDS classification model; entries along the main diagonal represent
correct predictions, while off-diagonal entries indicate misclassifications. (c) and (d) Distributions of density and mean atomic mass for the MP
dataset. (e) and (f) Corresponding distributions for the JARVIS dataset.
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3.2. Model performance evaluation

In Fig. 3(a), the performance of our IGDS model on
ternary compounds is summarized based on precision and re-
call. The results indicate that, when evaluated on the same
dataset (MP v2021.03.22),[13] our model achieves a 9% in-
crease in precision and a 5.7% improvement in recall on the
ternary dataset, outperforming the method proposed by Zhu
et al.[13] These remarkable improvements highlight the supe-
riority of our model in identifying and predicting synthesiz-
able compounds. The increase in precision indicates that a
higher percentage of the compounds predicted as synthesiz-
able by our model are experimentally verified, while the im-
provement in recall reflects the model’s enhanced ability to
correctly identify a greater proportion of truly synthesizable
compounds. These results strongly emphasize the effective-
ness of our IGDS model in capturing the intricate relationships
between crystals and their synthesizability. This not only val-
idates the advanced nature of our model, but also offers great
potential for its application in practical materials synthesis re-
search and development.

To demonstrate the robustness of our IGDS model, we
conduct a detailed comparison of the physical property distri-
butions for the MP[18] and JARVIS[38] datasets, using 3000
randomly sampled entries from each dataset to ensure statis-
tical representativeness. Figures 3(c)–3(f) illustrate the distri-
bution of the two datasets in terms of crystal density and mean
atomic mass. Specifically, the sample density of the JARVIS
dataset is primarily concentrated at 2–10 g/cm3, indicating a
more homogeneous crystal structure, whereas the MP dataset
shows a wider density distribution (about 2.5–100 g/cm3) and
a more dispersed mean atomic mass distribution, reflecting its
chemical compositional diversity. It is noteworthy that, despite
the higher complexity and wider range of physical properties
of the MP dataset, the accuracy of our IGDS model trained
on the MP dataset (0.932) is comparable to its performance
on the JARVIS dataset (0.929). By comparing the distribu-
tional properties of different datasets, we verify that the model
maintains high performance in the face of varying physical and
chemical properties, thus indicating good generalization abil-
ity. This is further demonstrated in Fig. 3(b), which presents
the model’s prediction results in the form of a confusion ma-
trix.

3.3. Case study: crystal synthesizability prediction

This section aims to validate the performance of our crys-
tal synthesizability prediction model on different categories of
crystal materials.

Figure 4 presents the synthesizability predictions for a
specific subset of samples sourced from prior work.[39] The
selected samples, which cover various thermoelectric and
electronic materials such as Cu2Se2Tl, P2SnZ, CdP2Sn, and

Li7La3(SnO6)2, are visualized using t-SNE dimensionality re-
duction, with each sample annotated by its predicted probabil-
ity of being synthesizable. Furthermore, to verify the reliabil-
ity of our model, we also perform predictions on the synthe-
sizability of crystals that have been experimentally confirmed
to be synthesizable.

Figure 4 also displays the prediction results for these sam-
ples, which include some crystals reported in experiments but
lacking ICSD IDs in the MP database (e.g., Cs2AgSbBr6,[40]

Cs2InAgCl6,
[41] and BaHfO3

[42]).
Overall, IGDS not only effectively predicts the synthe-

sizability of different categories of crystals, but its prediction
results are also highly consistent with existing experimental
findings. This demonstrates the significant potential of our
model for practical applications.
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Fig. 4. The t-SNE visualization of structural features extracted using the
proposed IGDS model. (Left) The 2D embeddings are colored according
to the standardized mean atomic number of each material. (Right) Pre-
dicted synthesizability probabilities for the selected materials.

3.4. Comparison with energy-based synthesizability met-
rics

The stability skyline model[10] proposes a simple energy-
based metric to assess the synthesizability of crystals. It adopts
the DFT energy of the amorphous solid phase as the thermo-
dynamic upper limit for crystalline materials considered syn-
thesizable. Nevertheless, as shown in Fig. 5(a), this model
demonstrates lower accuracy in predicting low-energy, unsyn-
thesized crystals. To rigorously evaluate the accuracy of our
model in this challenging scenario, we adopt the same 41 ma-
terial systems used in the stability skyline model.[10] We then
visualize the prediction performance of our model, with en-
ergy represented on the x-axis (see Fig. 5(b)). The results show
that, in the low-energy region, our model achieves a substan-
tial improvement in predicting unsynthesized crystals. In con-
trast, for high-energy synthesized crystals, both models per-
form similarly, with no significant difference. Upon analyzing
the data for high-energy crystals within the 41 material sys-
tems, we observe that 30 crystals fall within the energy range
of 0.6 eV/atom to 0.7 eV/atom, whereas only 8 crystals are
found in the range of 0.8 eV/atom to 1.0 eV/atom, as shown
in Fig. 5(d). This imbalance in the high-energy region likely
contributes to the reduced prediction accuracy of our model in
that domain and represents a key focus for future investigation.
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To further demonstrate the performance of our method,

we analyze 1019 materials from the MP dataset (v2021.03.22)

that are predicted by IGDS to be synthesizable and com-

pare their predictions with the corresponding Ehull values from

the traditional approach. As shown in Fig. 6(a), IGDS pro-

vides continuous probabilistic predictions, whereas the tra-

ditional method relies on arbitrary binary thresholds (e.g.,

0.025–0.2 eV/atom). Such continuous outputs enable the de-

tection of subtle differences in synthesizability and offer quan-

titative guidance for experimental prioritization. Figure 6(b)

presents the classification sensitivity of the conventional

Ehull method at four cutoffs (0.025 eV/atom, 0.05 eV/atom,

0.1 eV/atom, 0.2 eV/atom). A small change in the threshold

from 0.025 eV/atom to 0.05 eV/atom results in a 6% change
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in classification outcomes. Importantly, even under the most
stringent conventional threshold (Ehull ≤ 0.026 eV/atom), our
method maintains a 78% agreement while also identifying po-
tential synthesizable candidates that might be missed by the
conventional approach. These results confirm that IGDS pro-
vides a more accurate and reliable assessment of synthesiz-
ability than relying solely on Ehull thresholds.

3.5. Evaluation of dynamic stability feature accuracy

In this section, we conduct a comprehensive evaluation
of the dynamical features predicted by our model, focusing
particularly on the comparison of phonon properties against
ab initio data. Utilizing the experimental setup outlined
in MACE-MP-0,[26] we assess the reliability of the phonon
features predicted by MACE-MP-0 (hereafter referred to as
MACE). As shown in Fig. 7, we compare MACE with two
other machine-learning interatomic potentials. Figure 7(a)
demonstrates that MACE produces minimal phonon predic-

tion errors for the vast majority of materials, highlighting its
robust performance and strong capability to accurately predict
phonon features across a wide variety of crystal structures. In
contrast, M3GNet[43] and CHGNet[28] exhibit noticeable pre-
diction errors for certain materials, accompanied by more pro-
nounced variations in their performance metrics. Addition-
ally, Fig. 7(b) illustrates the minimum and maximum values
of the mean absolute error (MAE) in the phonon band struc-
tures predicted by the three models, calculated along a high-
symmetry q-path.[44] Figure 5(c) presents a comparison be-
tween the phonon band structures obtained using MACE (ma-
chine learning potential model) and those computed via DFT.
The close agreement between these two sets of results con-
firms that the dynamical features incorporated into our model
are both accurate and physically meaningful, thereby validat-
ing the reliability of IGDS in capturing dynamical stability in-
formation.
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Fig. 7. Evaluation of dynamic stability feature prediction accuracy. (a) Comparison of the MAE in phonon DOS predictions for three machine-
learning interatomic potential models: MACE, M3GNet, and CHGNet. (b) Comparison of the MAE in phonon band structure predictions across
the same three models, highlighting the predictive performance and robustness of each method.

4. Discussion

The successful experimental synthesis of a material can-
not be determined solely by its thermodynamic stability, as
it also depends on factors such as kinetics, the availability of
suitable precursors, and the synthesis methodologies. Nev-
ertheless, many existing methods rely primarily on static de-
scriptors based on composition or structure. While such rep-
resentations can capture partial correlations related to ther-
modynamic stability (such as formation energy trends or dis-
tance to the convex hull), they inherently neglect the physical
constraints that determine whether a particular phase can be
obtained under experimental conditions. In addition, energy-
based heuristic approaches generally lack a universal criterion
for assessing synthesizability, as the appropriate threshold can
vary substantially among different classes of materials owing
to variations in compositional complexity and synthesis con-
ditions.

To overcome these limitations, the proposed IGDS frame-

work advances the predictive modeling of crystal synthe-
sizability by integrating static structural and phonon-based
dynamical information within a deep learning architecture,
thereby enabling a more comprehensive understanding of the
factors governing material formation. To effectively leverage
the complementary nature of these two feature domains, IGDS
employs a direct concatenation strategy, which preserves the
full representational capacity of both static and dynamic inputs
without premature information compression. This fusion en-
hances the model’s ability to capture complex interdependen-
cies between structure and stability. As a result, it improves
predictive accuracy and overcomes the limitations of ground-
state energy metrics, which often struggle to distinguish ex-
perimentally unsynthesizable low-energy polymorphs. The in-
variance of the crystal graph construction further ensures that
model predictions remain robust against crystallographic sym-
metries, reinforcing the physical interpretability and general-
izability of the method across diverse material classes.

Despite the promising performance of IGDS, the intri-
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cate relationship between thermodynamic metastability and
dynamic stability underscores the complexity of synthesizabil-
ity, which likely involves additional factors beyond those cap-
tured in the current dataset and model. For instance, due to
limitations in currently available public data, extrinsic synthe-
sis conditions — such as temperature, pressure, precursor se-
lection, and reaction kinetics — may significantly influence
outcomes but remain unaccounted for in this work. Future
studies will incorporate these external factors through a com-
bination of multimodal learning frameworks and refined la-
beling strategies, aiming to integrate synthetic pathway data
and environmental variables with existing crystal structure de-
scriptors to enhance model robustness. Nonetheless, IGDS
presents a promising approach that seeks to bridge fundamen-
tal physical principles with data-driven materials design. Its
preliminary success in predicting the synthesizability of crys-
tals highlights its potential to support future efforts in acceler-
ated materials discovery and synthesis planning.
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