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Abstract

Solid solution crystals, in which lattice sites are partially or fully occupied by

multiple atomic species, exhibit complex atomic-scale disorder that critically governs

their  physical  properties.  However,  geometric  representation  learning  of  such

systems remains challenging due to their compositional complexity and the absence

of  site  uniqueness.  Here,  we  introduce  the  Solid  Solution  Nested  Graph  Neural

Network  (SSNGNN),  a  general-purpose  framework  that  hierarchically  integrates

compositional  and  structural  information  through  a  nested  graph  architecture,

enabling accurate and interpretable predictions without the need for large supercells.

SSNGNN consistently outperforms existing geometric deep learning models across

diverse  classes  of  solid  solutions—ranging  from  completely  random  alloys  to

systems with short-range or sublattice-specific order.  Beyond improved predictive

performance,  SSNGNN captures  both  short-  and  long-range  ordering  effects  and

uncovers  key  structure–property  relationships.  By  bridging  local  compositional

disorder  with  global  crystal  topology,  SSNGNN  provides  a  scalable  and

generalizable  paradigm  for  learning  in  chemically  complex  crystalline  systems,

advancing the frontiers of machine learning in materials design.
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Introduction

Solid solutions constitute a critically important class of crystalline materials in

which multiple  chemical  species  share lattice sites in  a statistically  distributed or

partially ordered manner. Unlike conventional compounds—where each atomic site

is  periodically  and uniquely occupied—solid solutions  exhibit  varying degrees  of

compositional disorder, ranging from complete randomness to chemical short-range

order or sublattice-specific occupancy. This atomic-scale disorder introduces a rich

configurational  complexity  that  profoundly  influences  thermodynamic  stability,

defect  energetics,  mechanical  behavior,  and  electronic  properties.  Notably,  solid

solution crystals often outperform their ordered compound counterparts, owing to the

additional degree of freedom afforded by tunable site occupancy. For instance, high-

entropy alloys exploit near-equimolar mixing to achieve exceptional combinations of

strength  and  ductility,  while  disordered  perovskites  and  oxides  leverage

configurational  entropy  to  enhance  ionic  transport  and  catalytic  activity.  These

functional advantages arise not only from chemical diversity, but also from locally

adjustable  atomic  environments  that  enable  fine-grained  control  over  material

behavior.  In  such  systems,  the  precise  identity  and  spatial  distribution  of  atoms

across crystallographic sites emerge as key design variables for tailoring macroscopic

properties.  Developing  accurate  models  to  capture  how  compositional  disorder

mediates structure–property relationships is thus essential for the predictive design of

next-generation structural and functional materials.

Recent  advances  in  machine  learning  (ML),  particularly  geometric  deep

learning,  have  enabled  new  capabilities  for  modeling  the  structure–property

relationships of crystalline materials. These models typically treat a crystal structure

as  a  graph,  allowing  end-to-end  learning  of  materials  properties  from  atomic

connectivity and chemistry. However, most existing graph neural networks (GNNs)

frameworks—such as CGCNN, MEGNet, and their variants—have been developed

and benchmarked primarily on ordered compounds with fixed atomic identities at

each lattice  site.  In  such systems,  the  mapping from crystal  structure  to  material
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properties  is  well-defined  and  deterministic,  simplifying  model  design  and  data

representation.  In  contrast,  solid  solution  crystals  pose  fundamentally  different

challenges for graph-based modeling. The presence of multiple species sharing the

same crystallographic sites, along with partial occupancy and local disorder, breaks

the assumption of site  uniqueness and injects  configurational  uncertainty into the

structure–property  mapping.  Composition-only  models  like  Roost  (Representation

Learning from Stoichiometry), while bypassing the need for explicit structure, cannot

capture these local structural effects. On the other hand, structure-based GNNs often

require the construction of large supercells or special quasi-random structures (SQS)

to approximate disorder—approaches that are computationally intensive and difficult

to generalize across material classes. Consequently, there remains a critical gap in

existing  GNN  methodologies:  the  lack  of  a  scalable  and  physically  informed

framework  that  can  faithfully  represent  and  learn  from  the  structural  and

compositional complexity inherent in solid solution materials.

To overcome these limitations, we introduce the  Solid Solution Nested Graph

Neural  Network  (SSNGNN),  a  unified  framework  that  hierarchically  integrates

compositional  and  structural  information  within  a  scalable  and  interpretable

architecture.  SSNGNN  represents  solid  solution  materials  using  a  nested  graph

structure. The nested graph consists of an outer structural graph and multiple inner

compositional graphs, enabling bidirectional message passing between element types

and  crystal  motifs.  This  design  provides  an  end-to-end  framework  for  learning

chemically disordered systems without the need for large supercell inputs.

We demonstrate  the broad applicability  of  SSNGNN by applying it  to  three

representative  classes  of  solid  solution  materials:  randomly  disordered  alloys,

sublattice-structured solid solutions, and systems with chemical short-range ordering.

Across  these  diverse  scenarios,  SSNGNN  shows  strong  predictive  performance

exceeding those of the composition-based GNN model by 11%-50% on validation

sets with an R2 value greater than 0.9. More importantly, SSNGNN enables in-depth

interpretability associated with mechanical and electronic performance. It facilitates
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inverse design of materials with targeted properties, and captures essential physical

insights into the behavior of solid solutions. These capabilities highlight SSNGNN as

a unified and powerful tool for the modeling and design of complex solid solution

materials.

Results

Model development

To  represent  solid  solution  materials,  both  crystal  structure  and  chemical

composition  are  indispensable.  In  the  context  of  crystal  structures,  the  bonding

conditions  and  periodicity  between  different  sites  can  be  depicted  through  a

structural graph23, as illustrated in Fig. 1a. Within this structural graph, nodes signify

various sites within the crystal structure, whereas edges denote the bonding relations

and relative distances between these sites. Unlike pure compounds, different sites in

solid  solutions  may  be  occupied  by  varying  proportions  of  chemical  elements,

thereby  enabling  each  site's  chemical  composition  to  be  represented  as  a

compositional graph.

The compositional  graph constitutes  a complete  graph with self-loops where

nodes represent the elemental compositions at a specific site. When the differences in

interactions  amongst  different  elements  can  be  neglected,  the  edges  within  the

compositional graph might not carry any features22. As shown in Fig. 1c, 1e, and 1f,

compositional graphs provide detailed representations of the elemental compositions

at B-site, A-site and X-stie of a perovskite structure. Moreover, when the interactions

significantly influence material properties, such as the emergence of chemical SRO

due  to  varying  inter-element  interactions  that  impact  material  characteristics,  the

edges  in  the  compositional  graph  can  depict  these  different  interactions.  In  such

cases, edge features can be represented by the Warren-Cowley (WC) parameters10, as

exemplified in Fig. 1b.

Incorporating  compositional  graphs  into  the  nodes  representing  crystal  sites

within a structural graph forms the nested graph, as demonstrated in Fig. 1d. The

nested  graph  representations  with  different  elemental  interactions  are  shown  in
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Supplementary  Figure  1  and  integrate  both  the  structural  and  compositional

complexities.

To  predict  the  properties  of  solid  solutions,  the  nested  graph  representation

serves as inputs into a Solid Solution Nested Graph Neural Network (SSNGNN), as

illustrated  in  Fig.  7.  The  specifics  of  the  SSNGNN are  detailed  in  the  Methods

section and Supplementary Information.  It  is  crucial  to highlight that  there exists

bidirectional information exchange between the outer structural graph and the inner

compositional  graphs.  This  mechanism  facilitates  not  only  forward  propagation

during  prediction  but  also  requires  backward  propagation  of  gradients  during

training.  As  a  result,  it  enables  a  deep  integration  of  both  compositional  and

structural  characteristics  of  the  solid  solution  material,  going  beyond  a  simple

concatenation of the two feature types.

Fig.1  |  Nested  graph  representation  for  solid  solutions.  a  Structural  graph

representing  periodic  crystal  structure. b  Compositional  graph  with  different

interactions represented on the edges. c, e  and f Compositional graph for randomly

distributed elements of site B, A and X, respectively. d Nested graph representation

with an outer structural graph and inner compositional graphs.
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Model validation

To validate effectiveness, we perform a comparative analysis of SSNGNN and

Roost across multiple datasets26,  27,  28,  29,  30,  31.  These datasets include solid solution

materials,  the  properties  of  which  were  obtained  through  various  computational

methods,  for  example,  high-throughput  calculations  using  the  CPA  method,

molecular  dynamics  (MD)  simulations,  and  density  functional  theory  (DFT).

Detailed descriptions of these datasets are provided in Supplementary Table 1.

As  shown in  Table  1,  SSNGNN consistently  outperforms  Roost22 across  all

evaluated datasets, with improvements in prediction accuracy reaching up to 50%.

This significant enhancement stems from SSNGNN’s ability to effectively capture

crystal structure information, which plays a critical role in determining the properties

of solid solutions, unlike Roost that only focuses on composition. Notably, on the

NiCoCr  -  SFE and  NiAl  -  energy  datasets  where  local  chemical  ordering  has  a

substantial impact on material behavior,  Roost is unable to adequately model such

effects. As a result, only SSNGNN was applied to these datasets, achieving notably

low prediction errors.

Table 1 | Five-fold cross-validation for comparison of SSNGNN with Roost22

Dataset
Mean absolute error (MAE)

Improvement
SSNGNN Roost

ICSD - CPA 43.0 48.4 meV/atom 11%

Perovskite - formation energy 18.6 37.2 meV/atom 50%

Perovskite - band gap 158.2 220.2 meV 28%

MTMC - B 7.2 8.2 GPa 12%

MTMC - G 9.5 10.6 GPa 10%

MTMC - E 19.4 22.8 GPa 15%

NiCoCr - SFE 5.7 - mJ/m2

NiAl - energy 4.3 - keV
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To further investigate its effectiveness,  we obtained the latent variables from

SSNGNN after  structural  graph  pooling,  projecting  them into  a  two-dimensional

space for visualization by principal component analysis (PCA). Fig. 2a illustrates the

changes  in  latent  variables  for  face-centered  cubic  pure  Fe  with  the  addition  of

varying proportions of Ni and Al. The trends corresponding to increasing Ni and Al

composition  extend  toward  the  lower  left  and  lower  right,  respectively.  Fig.  2b

compares the latent variable distributions of the same composition under different

crystal  structures,  hexagonal  close-packed (HCP),  face-centered cubic (FCC),  and

body-centered cubic (BCC), as well as under different lattice parameters. In 2D PCA

space,  each  crystal  structure  forms  a  distinct V-shape. Starting  from the  original

lattice parameters, lattice contraction moves the system along the upper arm of the V-

shape, while lattice expansion moves it along the lower arm. Fig. 3c displays the

distribution  of  different  Ni-Al  compositions  with  varying  degrees  of  short-range

order  (SRO)  in  the  latent  space.  Along  the  positive  x-axis,  the  degree  of  SRO

increases, while along the positive y-axis, the Al composition increases. These results

collectively  demonstrate  the  effective  encoding  of  variations  in  chemical

composition, crystal structure, and local chemical interactions, such as SRO in solid

solution materials.

Fig.  2  |  Comparison of  hidden variables  of  SSNGNN in  a  2D PCA space.  a

Different  compositions. b  Different  crystal  structures  and  lattice  parameters.  c

Different degrees of SRO with varying compositions.
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Case 1: Interpretability analysis of completely random solid solution alloys

We apply SSNGNN to the development and design of various solid solution

materials.  As  a  first  case  study,  we  focus  on  applying  it  to  the  analysis  of  the

mechanical properties of high-entropy alloys (HEAs), which possess a solid solution

crystal of fully chemical disorder. Here, we take WMoTaNb HEA as an example,

which is a promising refractory structural material for high-temperature applications

such as aerospace engines. Therefore, tuning its composition to enhance mechanical

performance is a key research objective. For example, the addition of Ti has been

shown experimentally to simultaneously improve both strength and ductility, yet the

underlying mechanisms are not understood.

To gain deeper insights, we employ SSNGNN to predict several key physical

properties  of  WMoTaNbTi  alloys  with  varying  compositions,  including  shear

modulus  (G),  root-mean-square  atomic  displacement  (RMSAD)  as  a  measure  of

lattice distortion, unstable stacking fault energy (USFE), and surface energy (SE).

These properties were derived from datasets reported in the literature29,  30,  31 (Table

S1). In this case, the elements in these HEAs are assumed to be randomly distributed.

As  shown  in  Fig.  S2,  SSNGNN  performs  well  across  all  these  data  sets,

demonstrating  its  reliability  in  capturing  the  complex  relationships  between

composition and material behavior.

These  predicted  properties  can  be  further  linked  to  mechanical  performance

through empirical equations, offering qualitative guidance for alloy design. In Fig.

3a, the partial dependence plot (PDP, see Methods section for details) of the yield

strength proxy τ/a  shows a clear  increasing trend with Ti composition,  consistent

with experimental observations of enhanced strength. As depicted in Fig. 3b, while

adding Ti  leads  to  a  decrease  in  both  RMSAD and USFE,  the  increase  in  shear

modulus G is more pronounced, resulting in an overall rise in τ/a.

Similarly,  the  PDP of  the  ductility  proxy  D  in  Fig.  3c  indicates  a  positive

correlation  with  Ti  composition,  consistent  with  the  observed  improvement  in
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elongation  during  experiments.  Further  analysis  based  on the  relative  changes  of

USFE and SE (Fig. 3d) reveals that SE remains relatively constant with addition of

Ti,  whereas  USFE decreases  significantly.  This  suggests  that  the  enhancement  in

ductility  primarily  stems  from the  reduced  tendency  for  crack  nucleation  due  to

lower USFE.

Furthermore, the interpretability analysis of other elements in WMoTaNbTi is

shown in Fig. S3, which is also in agreement with experimental results32, 33. Together,

these  findings  highlight  the  value  of  SSNGNN in  not  only  accurately  predicting

materials properties but also uncovering the underlying mechanisms that guide the

rational design of high-performance random solid solution materials.

Fig.  3  |  Partial  dependence  plots  (PDPs)  for  interpretability  analysis  of

WMoTaNbTi high-entropy alloys. a PDP of the strength proxy τ/a as a function of

Ti composition, compared with experimental results34.  The yield strength proxy is

defined as τ /a=G × RMSAD ×USFE, where τ/a is positively correlated with material
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strength31. b  PDPs showing the relative changes  in  the individual  components  of

strength, shear modulus (G), root-mean-square atomic displacement (RMSAD), and

unstable stacking fault energy (USFE), with varying Ti composition. c  PDP of  the

ductility  proxy  D as  a  function  of  Ti  composition,  compared  with  experimental

elongation  data34.  The  ductility  proxy  is  defined  as  D=SE /USFE,  where  D  is

positively correlated with material ductility30. d PDPs depicting the relative changes

in the ductility-related components, USFE and surface energy (SE), with increasing

Ti composition.

Case 2: Inverse design of sub-lattice solid solution perovskites

In  Case  1,  we  demonstrated  the  application  of  SSNGNN  in  random  solid

solutions where all sites within the crystal lattice are equivalent. Moving forward to

Case  2,  we  extend  the  application  of  SSNGNN  to  solid  solutions  featuring  a

sublattice structure, exemplified by perovskite materials. Perovskites exhibit a unique

A-B-X  site  configuration,  wherein  each  position  can  be  occupied  by  different

elements,  thereby  creating  a  vast  adjustable  compositional  space  that  facilitates

property tuning through elemental substitution.

For this case study, we applied SSNGNN to evaluate band gap energies of high-

entropy halide perovskites using a training dataset of 415 (Table S1) and a candidate

space  of  unexplored  of  3,600,000,  aimed  at  identifying  promising  candidates  for

photovoltaic  applications.  The  performance  of  SSNGNN  across  our  dataset  is

illustrated in Fig. 4a, highlighting its prediction accuracy.

To achieve  inverse  design,  we screened for  halide  perovskite  materials  with

band gaps ranging from 1.3eV to 1.4eV, alongside ensuring their  tolerance factor

remains  below  4.18  to  preserve  the  perovskite  crystal  structure35.  The  screening

results  are  partially  shown  in  Fig.  4b,  identifying  seven  compositions  that  were

subsequently  validated  using  DFT.  Fig.  4a inset  compares  the  performance of  11

compounds from the candidate space in the interval of interest from 1.3 eV to 1.4 eV.

With  a  MAE  of  0.0462  eV,  it  shows  that  the  predictions  of  the  model  are  in
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agreement with the DFT calculated values for those structures.

Fig.  4  |  a  SSNGNN's  performance  on perovskite  band  gap  dataset.  Inset  is  the

comparison of the DFT calculated band gap and the predicted band gap.  b Screening

with band gaps between 1.3eV and 1.4eV for solar energy application and a tolerance

factor less than 4.18 to ensure perovskite structure35. Region predicted as solar cell

perovskite  shown  in  a  blue  shade.  c  The  crystal  structure  of  a  high-entropy

perovskite  Cs8/9K1/9(Ge2/9Sn3/9Sr4/9)Br2I.  d  Band  gap  calculation  result  of

Cs8/9K1/9(Ge2/9Sn3/9Sr4/9)Br2I.

Fig. 4c presents one such composition, characterized as a high-entropy halide

perovskite. In this compound, the A-site is occupied by Cs and K at a ratio of 8:1; the
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B-site incorporates Ge, Sn, and Sr in a 2:3:4 ratio; and the X-site is composed of Br

and I in a 2:1 ratio with a calculated band gap of approximately 1.36eV and a direct

band nature (Fig. 4d), this material meets the criteria for solar cell applications. DFT

results for other halide high-entropy perovskite candidates are detailed in Fig. S4.

Additionally, PDPs similar to Fig. 3 on how band gap for elemental compositions

vary are shown in Fig. S5, in which the predicted trend agrees well with previous

observations36, 37.

Case 3: Capturing order-disorder effects in solid solution alloys

Due to the varying interactions between different elements, solid solutions often

exhibit locally ordered structures, such as chemical short-range order (SRO). Unlike

fully  random  solid  solution  structures  (Fig.  5a),  SRO  manifests  as  periodic

arrangements within localized regions of the crystal lattice (Fig. 5b). To investigate

the  impact  of  SRO  on  materials  properties,  we  utilized  SSNGNN to  study  how

different degrees of SRO affect stacking fault energies (SFE) in NiCoCr alloys.

The performance of SSNGNN on this dataset is illustrated in Fig. 5d, where the

R² value for the validation set exceeds 0.95, indicating excellent predictive accuracy.

Detailed analysis of SFE variations is provided in Fig. 5e, which shows that as the Ni

composition in the alloy increases, the median SFE decreases. The distribution of

different  sample  points  reveals  that  lower  SRO  degrees  (Equation  (4),  Methods

section)  correspond  to  lower  SFE  values,  while  higher  SRO  degrees  result  in

increased SFE. Such behavior has also been observed in prior studies11.

Based on these findings,  strategies  to  reduce  SFE,  potentially  even negative

SFE,  can be developed.  Specifically,  increasing the Ni composition or  modifying

heat treatment processes to promote more random atomic distributions can reduce

SFE.  Introducing  a  low  or  negative  SFE  can  facilitate  transformation-induced

plasticity (TRIP), thereby enhancing both strength and ductility in the alloy.
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Fig. 5 | Impact of chemical short-range order (SRO) on stacking fault energy

(SFE)  in  NiCoCr  multi-component  alloys.  a Illustration  of  random  alloy.  b

Illustration  of  an  atomic  system  with  SRO.  Typical  SRO  is  represented  in  the

highlighted  region.  c  Illustration  of  long-range  order  (LRO).  d Performance  of

SSNGNN  on  NiCoCr-SFE  dataset. e Distribution  of  SFE  with  varying  Ni

compositions and SRO degrees. Each column on the left side presents a half-violin

plot  showing the distribution of  SFE at  different  degrees  of  SRO for  varying Ni

compositions, whereas each column on the right side presents data scattering. Purple

points represent lower SRO degrees, while red points indicate higher SRO degrees.

When chemical elements exhibit periodic arrangements over larger scales, the

material  displays  long-range  order  (LRO)  (Fig.  5c).  In  such  cases,  the  material

transitions from disordered to ordered structure.  To explore this  phenomenon, we

applied  SSNGNN  to  a  Ni-Al  alloy  dataset  (Table  S1)  to  predict  energies  under

varying compositions and Warren-Cowley (WC) parameters (Equation (3), Methods

section).  As  shown  in  Fig.  6a,  the  performance  of  SSNGNN  is  excellent,
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demonstrating its  ability to capture both compositional and structural effects with

high accuracy. Fig. 6b presents the variation of the WC parameter corresponding to

the lowest predicted energy structure across different Al compositions. When the Al

composition is below 14 at.%, the WC parameter is decreasing linearly, indicating

the formation of a disordered γ phase with an FCC structure. When Al exceeds 15 at.

%, the WC parameter remains around -0.23, signaling a transition to a long-range

ordered γ′ phase with an L1₂ crystal structure. This order-disorder transition plays a

critical role in determining the mechanical behavior such as precipitation hardening

in  Ni-based superalloys.  The fact  that  SSNGNN successfully  captures  this  phase

transition highlights its capability not only to model SRO, but also to describe LRO

through interatomic interactions encoded in the nested graph representation.

Fig.  6  |  Order-disorder  transition  in  Ni-Al  superalloys.  a  Performance  of

SSNGNN on NiAl-energy dataset. b The WC parameter of Ni-Al as a function of Al

compositions.

Discussion

The properties of solid solution materials are governed by a delicate interplay

between chemical composition and crystallographic structure. Unlike conventional

models that treat these factors separately or rely on oversimplified representations,
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the proposed Solid Solution Nested Graph Neural Network (SSNGNN) captures their

coupling through a unified  and physically  informed architecture.  By nesting site-

specific  compositional  graphs within  a  global  structural  graph,  SSNGNN enables

end-to-end  learning  of  chemically  disordered  crystals  without  resorting  to  large

supercell  approximations.  Its  strong  performance  across  a  range  of  substitutional

systems—including refractory high-entropy alloys, halide perovskites, and partially

ordered  transition  metal  alloys—demonstrates  both  its  predictive  accuracy  and

generalizability.

Beyond its immediate performance gains, SSNGNN also offers an interpretable

framework  for  analyzing  how  local  compositional  disorder  shapes  emergent

properties. The learned latent space captures chemical interactions, ordering effects,

and structure–property trends that are often inaccessible to conventional GNNs or

coarse-grained averaging methods such as CPA or VCA []. In doing so, SSNGNN

bridges the gap between atomistic fidelity and scalable learning—an essential step

toward data-driven discovery in chemically complex systems.

While  this  study  focuses  on  substitutional  solid  solutions,  the  nested  graph

formalism  is  readily  extensible  to  interstitial  systems.  Interstitial  sites  can  be

represented as structural nodes, with corresponding compositional graphs encoding

partial occupancies or vacancy probabilities. Furthermore, the modular nature of the

nested representation provides a path toward hierarchical integration of mesoscale

information—such  as  second-phase  distributions  or  grain  boundary  networks—

thereby enabling multi-scale learning from atomic to microstructural levels.

Future  directions  include  incorporating  uncertainty  quantification,  dynamic

representations  for  temperature-  or  stress-induced  ordering,  and  coupling  with

generative models for inverse design. As solid solution crystals continue to serve as

platforms for structural, electronic, and catalytic applications, SSNGNN establishes a

foundation  for  interpretable,  generalizable,  and  mechanism-aware  modeling  of

disorder-driven material behavior.
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Methods

Framework of SSNGNN 

The framework of SSNGNN is showed in Fig. 7. During forward propagation,

the  composition  graphs  first  pass  through  message-passing  layers,  enabling

information  exchange  between  different  elements  and updating  the  node  features

within  each  composition  graph.  This  step  facilitates  the  incorporation  of  inter-

element  relationships  into  the  node  features.  Following  this,  a  pooling  layer

aggregates the features from all nodes within a composition graph into an overall

feature vector, summarizing the elemental distribution at that site. Subsequently, after

passing  through multiple  activation  and residual  layers,  the  composition  graph is

encoded into a compositional latent variable.

The latent variables obtained from the compositional graphs serve as the node

features in the structural graph. With these features in place, we now have complete

representations for both the nodes and edges in the structural graph. These are first

fed  into  a  graph  convolutional  layer,  which  facilitates  message  passing  between

neighboring atomic sites in the crystal structure. Following this, a pooling layer is

applied  to  aggregate  the  node-level  representations  into  a  unified  global

representation of the entire solid solution system. Finally, this global representation is

passed through several fully connected layers to produce the target material property

as output. The computational details of each layer in SSNGNN are provided in the

Supplementary Information.
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Fig. 7 | Framework of solid solution nested graph neural network (SSNGNN).

SSNGNN  incorporates  a  GNN  for  compositional  graph  (left)  and  a  GNN  for

structural graph (right), and enables information exchange between them.

Partial dependence plot

The partial dependence plot (PDP) shows the marginal effect that features have

on  the  output38.  PDP  provides  an  intuitive  interpretability  method  for  machine

learning models. The partial dependence function f xS

 can be estimated by averaging

the screening data,

f xS
( xS )=1

n∑i
f (xS , xC

(i)) (1)

where f  is the machine learning model, xS
 is the features that are interested, and xC

❑ is

the features that are not interested.

Coherent potential approximation calculation

Calculations  of the formation energies  of random alloys  in the ICSD -  CPA
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dataset (Table S1) were performed by Korringa-Kohn-Rostoker (KKR) method in the

Coherent Potential Approximation (CPA) and Local Density Approximation (LDA)

approximation. This calculation was performed using AkaiKKR software packages39.

Density functional theory calculation

Density  functional  theory  (DFT)  calculations  were  conducted  to  obtain  band

gaps of high-entropy perovskites. The DFT calculations used the projector augmented

wave (PAW) method combined with the generalized gradient approximation (GGA)

with  the  Perdew-Burke-Ernzerhof  (PBE)  functional  within  the  Vienna  ab-initio

simulation package (VASP).

The DFT calculations were carried out using supercells of different sizes, either

3×3×2 or 2×2×2, depending on the composition. Atoms within the supercells were

randomly substituted according to the target chemical composition. The energy cutoff

was established at 500 eV, and K points were distributed using a KSPACING of 0.2.

The optimization of the cells' volume and shape proceeded until the energy variation

was less than 10-8 eV.

Hybrid Monte Carlo and molecular dynamics simulation

We used the empirical embedded atom method (EAM) potentials to describe the

interatomic interactions in both NiCoCr and NiAl alloys. For NiCoCr, we used the

EAM potential developed by Ma et al.40, which accurately captures various material

properties  such  as  chemical  short-range  order  (SRO)  and  stacking  fault  energy,

showing good agreement  with first-principles calculations.  The simulation sample

contains  N = 576 atomic  sites,  with  the  x,  y,  and z  directions  aligned along the

[1,1,0],  [1,1,1],  and  [1,1,2]  crystallographic  orientations,  respectively.  A lattice

constant of a = 3.55 Å was used,  resulting in a simulation box of approximately

15.06 Å × 25.00 Å × 17.39 Å. Hybrid molecular dynamics (MD) and Monte Carlo

(MC) simulations were carried out under the canonical ensemble at 50 K to generate

configurations with different atomic compositions and varying degrees of SRO. The

stacking fault energy (SFE) was calculated using the formula:

ESF=
Ef −E0

A
(2)
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where  E₀  is  the  energy  of  the  equilibrium  configuration,  E f is  the  energy  after

translating the upper half of the configuration along the z-direction by √6
6

a, and A is

the area of the x-z atomic plane.

For the NiAl alloy, we used the EAM potential developed by Y. Mishin et al 41,

which accurately describes lattice properties of Ni₃Al, point defects, planar faults,

and the γ and γ′ regions in the Ni-Al phase diagram. This simulation system consists

of N = 4000 atomic sites, with the x, y, and z axes aligned along the [1,0,0], [0,1,0],

and [0,0,1] crystal directions, respectively. A cubic lattice constant of a = 3.57 Å was

applied, leading to a simulation box size of approximately 35.7 Å × 35.7 Å × 35.7 Å.

Hybrid MD and MC simulations were also performed under the canonical ensemble,

and at  300 K,  to  generate  configurations  with different  atomic  compositions  and

varying degrees of short-range order, along with their corresponding configuration

energies E.

Quantification of chemical short-range order

The Warren-Cowley (WC) parameter  is  used  to  characterize  the  short  range

order in solid solutions10, 42. The WC parameter can be written as:

α ij=1−
Pij

c j
(3)

where Pij is the conditional probability for an atom type j being adjacent to an atom

type i, and c j is the global concentration of the entire solid solution system.

The WC parameter quantifies the degree of SRO between pairs of elements. To

characterize  the  overall  SRO  level  of  the  entire  solid  solution,  we  define  the

following parameter:

SROavg=
1

N pairs
∑

i
∑

j
|α ij| (4)

where N pairs is the total number of elemental pairs in the solid solution system.

Data and Code Availability

The  ICSD  -  CPA  dataset  is  available  in  the  GitHub  repository  at

https://github.com/Yidingwyd/SSNGNN/tree/main/Kfold/cpa. 
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The NiCoCr  -  SFE and NiAl  -  energy  datasets  are  available  in  the  GitHub

repository at https://github.com/Yidingwyd/SSNGNN_v2/tree/main/Kfold. 

Other datasets are collected from27, 28, 30.

The source codes of the SSNGNN with no edge features in the compositional

graph are available at https://github.com/Yidingwyd/SSNGNN, and that with edge

features  in  the  compositional  graph  are  available  in  the  GitHub  repository  at

https://github.com/Yidingwyd/SSNGNN_v2. 
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