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Abstract 

Despite the effectiveness of most graph-based representation methods in capturing the crystal 

geometry characteristics, they fall short in intuitively describing phenomena such as ionic transport 

behavior which are often determined by the atom-unoccupied regions in the mobile sublattice 

(namely interstitial network). Here, we develop a Structure Divide-and-Conquer Graph 

Representation method based on graph neural network (SDCGNNdk), for unveiling structure-

activity relationships of transport barriers by incorporating Domain Knowledge (e.g., site energy 

information, thresholds for ion accessibility, etc.), where crystal geometry and interstitial network 

topology are combined to construct a dual-structure crystal graph. For driving the proposed model, 

we construct a graph-based dataset for the prediction of activation energy (𝐸𝑎), i.e., the energy 

barrier hindering ionic transport, covering over 18,000 ionic compounds from the Inorganic 

Crystal Structure Database (ICSD), including Li+, Na+, K+, Ag+, Cu(2, 3)+, Mg2+, Zn2+, Ca2+, Al3+, 

F−, and O2−. SDCGNNdk achieves high prediction performance of 𝐸a  with R2 of 91.30 %, 

outperforming conventional GNNs by more than 20% on average and offering insights into 

structure-activity relationships by quantifying the contributions of crystal geometry and interstitial 

network characteristics to transport barriers. This work provides an accurate graph representation 

and GNN framework, demonstrating potential for extension to predicting other properties relevant 

to interstitial network of inorganic compounds. 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

 

 

 

Keywords: Materials Science; Graph Neural Networks; Structure Divide-and-Conquer; Domain 

Knowledge  



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

 

 

 

INTRODUCTION 

Data-driven machine learning (ML) exhibits substantial potential in the discovery of new fast 

ionic conductors due to its ability to quickly find structure-activity relationships for materials 1-3. 

By training ML models on structured materials data, researchers can develop predictive models 

that can guide the design and synthesis of new functional materials with desired properties 4-6. One 

of the limiting factors of these ML models is the requirement for cumbersome feature engineering 

to construct structured descriptors, which may introduce potential biases and limit the model’s 

performance and generalization ability. 

Recently, graph representation of material structure, based on graph neural networks (GNNs), 

has been shown to be a powerful tool in accurately predicting materials property 7,8. For example, 

Ahmad et al. 9 trained a graph convolutional network to predict shear modulus and bulk modulus 

of inorganic solid electrolytes. Louis et al. 10 used attention-based graph neural networks to predict 

voltage of battery electrode materials. While GNNs provide a way to establish material structure-

activity relationships at the atomic level, there are still two critical challenges: (1) the graph 

representation of material structure typically relies on external crystal geometry, neglecting the 

significant influence of other features of the interstitial network on describing ionic transport 

pathways; (2) most GNNs are purely data-driven and lack the integration with domain knowledge. 

These constraints hinder GNN’s ability to fully extract structure-activity relationships of transport 

barrier in inorganic compounds. It is a pressing need to develop a new perspective on materials 

graph representation and effective GNN modelling approaches to achieve the accurate prediction 

of transport activation energy barriers. 

Ionic transport is affected not only by the crystal geometry (CG) formed by atoms11, but also 

by the connectivity of the interstitial network (IN). These two distinct aspects can influence ion 

transport behavior in complementary ways. By integrating both perspectives, along with the 

powerful feature extraction capabilities of GNNs, a more comprehensive understanding of the ion 

transport structure-activity relationships can be achieved. Furthermore, researchers have 

accumulated substantial domain knowledge and effectively leveraging them is critical for 

enhancing the interpretability and generalization of ML models. As discussed in our previous 

review 12,13, the different forms of domain knowledge can be represented various types and 

embedded into the entire process of ML modelling, e.g., those found in chemically-motivated 
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descriptors 14 or physics-informed neural network architectures 15, that can significantly improve 

the interpretability and generalizability of data-driven models. This work focuses on improving 

effectiveness of GNN method by incorporating domain knowledge into the GNN modelling 

process. 

To this end, we propose a Structure Divide-and-Conquer Graph Neural Network framework 

by incorporating Domain Knowledge (SDCGNNdk), aiming to unveil structure-activity 

relationships of transport activation energy barriers. Concisely, a novel crystal graph representation 

method based on divide-and-conquer approach is introduced. Unlike the input information based 

on a single CG perspective in previous work 16-21, we combine it with the information on the IN to 

construct crystal graph representation. In addition, we incorporate structural representation of 

materials domain knowledge (e.g., thresholds for ion accessibility) into the message passing 

mechanisms of GNNs so that new GNN models with high accuracy can be constructed and a 

collaborative integration of data and domain knowledge can be realized in third-generation 

artificial intelligence. The results demonstrate that SDCGNNdk can fully extract ion transport 

features and achieve high prediction performance of transport activation energy barrier. Finally, to 

fully integrate the structure information from different perspectives of material structure, we 

explore several feature fusion strategies from feature level to decision level to hybrid level to 

model level. Our work lays a foundation for comprehensively unveiling structure-activity 

relationships of transport barrier and accelerates the discovery and design of new ionic conductors.  

RESULTS 

SDCGNNdk architecture 

As shown in Fig.1, SDCGNNdk leverages the Voronoi algorithm to decompose complex 

crystal space into two distinct substructures: crystal geometry (CG) and interstitial network (IN), 

thereby implementing the “divide” step of the “divide-and-conquer” strategy to deconstruct 

intricate ionic transport aspects. Then, recognizing the mechanistic divergence in how these 

substructures influence ionic transport property, a dual graph representation integrating CG and IN 

is constructed to accurately characterize ion migration behavior. Subsequently, to effectively 

execute the “conquer” step for the decomposed subproblems, two domain-knowledge-integrated 

GNNs are constructed to jointly extract topological connectivity and ion transport features. To 
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further boost representational capabilities of the model, a hybrid-level feature fusion strategy based 

on structural importance is designed, where an adaptive weighting mechanism is introduced to 

dynamically adjust the contributions of different substructures in the high-dimensional 

representation space, achieving deep coupling of heterogeneous information across structural 

domains. As a result, a highly discriminative structure representation vector is obtained to 

accurately unveil the structure-activity relationships of ionic transport barriers. 

 
Fig.1. The overall framework of SDCGNNdk. The framework is primarily divided into three components: dividing, 

conquering, and fusing. Initially, crystal structural information is divided into crystal geometry (CG) and interstitial 

network (IN), which are performed graph representation. Then, two GNNs are constructed targeted for each based on 

their unique characteristics, with domain knowledge embedded in the modelling process, which aims to effectively 

conquer the divided crystal structural information (i.e., CG and IN). Finally, the structural representation vectors from 

different perspectives are fused to predict material properties. 

Dataset construction 

Building a high-quality graph dataset is essential for leveraging GNNs to establish accurate 

structure-activity relationships of ionic transport barriers in inorganic compounds. However, to the 

best of our knowledge, graph-based datasets for driving GNNs to explore the ion transport 

properties are still lacking. To address this gap, we adopt activation energy (i.e., the energy barrier 

that ions need to overcome when moving within the material 1) as a breakthrough point for 

exploring the ion transport properties. 
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Concretely, we first collect a total of 125,223 Crystallographic Information Files (CIFs) 

spanning the years 1980-2025 from the Inorganic Crystal Structure Database (ICSD), including 

12 potential mobile ions (Li+, Na+, Mg2+, Cu(2,3+), Al3+, Zn2+, K+, Ag+, Ca2+, F−, and O2−); Next, we 

conducted preliminary sorting and standardization of these CIFs, followed by systematic screening 

and refinement of candidate compounds. By eliminating crystal structures with incomplete 

information, mismatched ion types, or duplicate records, we ultimately select 18,410 high-quality 

CIFs to satisfy characterization and modeling requirements. Subsequently, using our previously 

developed CCNB method 11, which integrates Crystal structure Analysis by Voronoi 

Decomposition (CAVD) 22 and BVSE calculations, we extract the information on interstitial 

networks (including interstitial sites, transport channels, and threshold criteria for ion accessibility) 

and compute the corresponding ion migration energy barriers (namely activation energies) for each 

crystal structure. This process resulted in a comprehensive graph dataset capturing the ternary 

relationship among crystal structures, interstitial networks, and activation energies for 18,410 

inorganic compounds across 12 mobile ion types, as summarized in Fig.2. Note that since this 

study aims to construct and validate models for exploring ion transport mechanisms in multi-

system solid electrolytes, all models will be trained on the combined dataset encompassing all ion 

species. 

From Fig.2, the number of crystalline materials with O2- as the migrating ion is the highest, 

reaching 8,924 samples, detailed in Fig.2(a). This clearly suggests that oxygen-containing 

materials are predominant in the dataset of inorganic compounds investigated. This phenomenon 

is primarily attributed to the high abundance of oxygen in nature and the widespread existence of 

oxides across various inorganic materials, which leads to a significant quantitative abundance for 

crystal structures featuring O2- as the migrating ion. Fig.2(c) presents the distribution of activation 

energy (Ea), or migration barriers, for inorganic compounds corresponding to different migrating 

ions, following the elemental scope outlined in Fig.2(b). Further details regarding the Ea 

distributions for different ionic species are available in Fig.S1 in the Supplementary Information 

(SI). We present the full spectrum of Ea values to ensure the dataset is comprehensive and unbiased, 

which is essential for maintaining the integrity of our chemical space exploration. Importantly, the 

inclusion of materials with high Ea is critical for developing robust deep learning models, as these 

“negative examples” allow the algorithms to accurately learn structural features that inhibit ion 

migration. While high barriers are less relevant for practical ion conduction, our subsequent 
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analysis explicitly focuses on the low Ea subset for identifying promising materials. 

It is noteworthy that the compounds with Li+ as the migrating ion exhibit the lowest activation 

energy (indicated by the lowest median of the Li+ distribution in Fig.2(c)), suggesting that Li+ 

compounds possess outstanding ion transport properties. This characteristic can be attributed to 

the smaller ionic radius and lower mass of Li+, which facilitates its rapid migration through 

interstitial channels in the crystal structure. In contrast, compounds with Ca2+ as the migrating ion 

generally exhibit significantly higher activation energy (with majority being above 1.0 eV; as 

shown in Fig. S1, the fraction of samples below 1.0 eV being merely 5.3%). This high barrier is 

primarily due to Ca2+ having both a high ionic charge (2+) and a larger ionic radius. 

 

Fig.2. Statistical analysis of ionic transport performance within the dataset. (a) and (b) illustrate the distribution 

characteristics of transport barrier values categorized by migrating ions, while (c) presents the frequency distribution 

of each element across all inorganic compounds. 

As for crystal structure graph representation, the atoms are set as nodes, with edges defined 

by interatomic interactions, such as chemical bonds or nearest-neighbor pairs, to reflect the 

topological arrangement of materials. To ensure node features capture the intrinsic 

physicochemical properties of each element, we initialize them using MEGNet pre-trained atomic 

feature vectors 17. These vectors encapsulate critical Periodic Table data, including electronic 

configuration, electronegativity, and atomic radius. For edge construction, we employ radial basis 

function (RBF) to map interatomic distances into a high-dimensional space, which accounts for 

the continuous and nonlinear nature of spatial relationships, thereby enhancing sensitivity and 

generalization of models to geometric structural variations. 

In contrast, the interstitial graph representation focuses on ion transport pathways. It defines 

unoccupied interstitial voids as nodes and establishes edges based on the minimum diffusion 

(a)

(b)

(c)
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bottlenecks between them. This representation captures the spatial connectivity and geometric 

constraints of ion migration channels. Interstitial node features incorporate geometric dimensions 

and the local coordination environment (including the species and distance distributions of nearest 

neighbors) to account for microscopic factors influencing ion-hosting capacity. Edge features 

prioritize bottleneck sizes and can integrate local potential barriers (site energies), explicitly 

modeling the spatial obstacles encountered during migration. 

By capturing both atomic configuration and interstitial network topology, this dual-structure 

crystal graph provides a representation that is both information-rich and physically interpretable, 

laying a robust foundation for the downstream modeling of ion transport properties (details in 

Section of Dual-structure graph representation method that combines crystal geometry and 

interstitial network). The details of feature dimensions for both graph representations are provided 

in Table S1 of SI. 

Dual-structure graph representation method that combines crystal geometry 

and interstitial network 

Typically, a crystal graph is defined as ℊ = [𝑣𝑖 , 𝑒𝑖𝑗 , 𝑢] based on crystal structure, where 𝑣𝑖 

represents the atoms, 𝑒𝑖𝑗 represents the spatial distance between atoms 𝑖 and 𝑗, 𝑢 represents 

the global state feature. It has already achieved remarkably high accuracy for predicting material 

properties such formation energy (𝐸𝑓) and band gap (𝐸𝑔)7, however, it still has a challenge in 

predicting ionic transport barriers in inorganic compounds. Crystal geometry can be described in 

terms of topological connectivity, which is commonly represented as a graph by treating atoms as 

nodes and chemical bonds as edges. This representation effectively captures the local chemical 

environment and topological characteristics of materials, making it well-suited for characterizing 

static structural properties. However, such a representation presents significant limitations in 

modeling dynamic ion transport processes, particularly due to its inability to accurately reflect 

actual ion migration pathways and the associated geometric constraints. 
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Fig.3. Overall framework of Dual-CGR. The crystal space is divided into two parts: crystal geometry and interstitial 

network. Crystal geometry is composed of atoms as nodes and interatomic bonds as edges to form a graph; Interstitial 

network is composed of interstitial sites as nodes and bottlenecks as edges to form a graph. 

Hence, we propose a dual-structure graph representation method (Dual-CGR) combining 

crystal geometry and interstitial network, as shown in Fig.3. Concisely, the crystal structure is 

divided into two substructures: (1) crystal geometry (2) interstitial network. Therefore, crystal 

graph can be defined as ℊ = [ℊ𝐶𝑆, ℊ𝐼𝑁], with node and edge representations for ℊ𝐶𝑆 and ℊ𝐼𝑁, 

respectively. In the crystal graph representations, the node initialization matrix 𝑅 employs 16-

dimensional pretrained features derived from MEGNet 17 via supervised learning on large-scale 

materials datasets, embedding rich physical/chemical information. Given the node set 𝑉 =

{𝑣1, 𝑣2, … 𝑣𝑛}, where 𝑛 = |𝑉| denotes the number of atoms, the node feature matrix 𝑅 ∈ ℝ𝑛×16 

is defined as in Eq. (1):  

𝑅 = [

𝑟1
𝑟2

⋮
𝑟𝑛

] , 𝑟𝑖 = [𝑟𝑖1, 𝑟𝑖2, ⋯ , 𝑟𝑖,16]
𝑇

∈ ℝ16 (1) 

where 𝑟𝑖𝑗  represents the j-th component of the feature vector for atom 𝑖. initialization matrix 

facilitates the numerical integration of chemical and topological attributes into the GNN 

framework. For edge initialization, a Gaussian basis function-based distance expansion is 

employed as RBF, to capture geometric relationships between nodes and quantify their effects, 

which is defined in Eq. (2). 
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𝜑𝑘(𝑟) = exp [−
(𝑑𝑖𝑗 − 𝑑𝑘)

2

𝜎2
] ,   𝑘 = 1, 2, 3, … , 𝐾 (2) 

where 𝑑𝑖𝑗 denotes the distance between nodes i and j, 𝑑𝑘 and 𝜎 represent the center of the 𝑘-

th Gaussian basis function and the standard deviation controlling its width. Here, 𝑑𝑘  are 

uniformly spaced over [0, 8]  with 𝐾 = 100 , covering the relevant distance range. The fixed 

𝜎 = 0.5  ensures localized responses with moderate overlap, enhancing feature continuity and 

resolution. The Gaussian basis mapping transforms edge distance into K-dimensional vector, as 

shown in Eq. (3) : 

𝑒𝑖𝑗 = [𝜑1(𝑑𝑖𝑗), 𝜑2(𝑑𝑖𝑗), … 𝜑𝑘(𝑑𝑖𝑗)]
𝑇
 (3) 

In the graph representation of IN, interstices are represented as nodes, characterizing 

unoccupied sites. For each interstice node 𝑣𝑖, its local chemical environment 𝜉𝑖, and size 𝑡𝑖 are 

critical to ionic transport behavior. Therefore, each interstice node 𝑣𝑖  is initialized by a 

multidimensional feature vector ℎ𝑖. Especially, for a given interstice node 𝑣𝑖, its local chemical 

environment is described by the k nearest neighboring atoms {𝑎1, 𝑎2, 𝑎3, ⋯ , 𝑎𝑘} within a radius 

of m Å. Here, we set m and k as 8 and 12, respectively. Each atom 𝑎𝑗 is associated with an intrinsic 

property vector 𝑝𝑗 ∈ ℝ𝑘 (e.g., atomic number, density, molar volume, and other physicochemical 

characteristics) and its distance to the interstice node 𝑟𝑖𝑗, as shown in Eq. (4): 

𝜉𝑖 = 𝐶𝑜𝑛𝑐𝑎𝑡 (∑ 𝑝𝑗

𝑘

𝑗=1

, 𝑟𝑖𝑗) (4) 

where 𝐶𝑜𝑛𝑐𝑎𝑡(∙)  denotes the concatenation operation, which integrates the intrinsic property 

vector 𝑝𝑗  of each neighboring atom with its corresponding distance 𝑟𝑖𝑗  into a unified 

representation. The complete feature vector of interstice node 𝑣𝑖 comprises its size 𝑡𝑖 and the 

encoded local chemical environment 𝜉𝑖, as formulated in Eq. (5): 

ℎ𝑖 = 𝐶𝑜𝑛𝑐𝑎𝑡(𝜉𝑖 ,  𝑡𝑖) (5) 

In addition, the edge representations (i.e., bottlenecks) are initialized based on their geometric 

dimensions. Let 𝑒𝑖𝑗  denote the bottleneck connecting two interstice nodes 𝑣𝑖  and 𝑣𝑗 . The 

bottleneck corresponds to the narrowest region between them, characterized by a dimension 𝑏𝑖𝑗. 

The ion’s ability to migrate through this bottleneck is constrained by the relative size 𝑏𝑖𝑗 with 
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respect to the ion’s effective radius 𝑟𝑖𝑜𝑛, making the bottleneck dimension a critical determinant 

of ion accessibility. Specifically, the accessible range is defined by a lower and upper threshold, 

𝑇1 and 𝑇2, respectively, as shown in Eq. (6): 

𝑇1 = 𝛼 ∙ 𝑟𝑖𝑜𝑛, 𝑇2 = 𝛽 ∙ 𝑟𝑖𝑜𝑛 (6) 

where 𝑎 = 0.8 and 𝛽 = 1.2. Ion migration between adjacent interstice 𝑣𝑖 and 𝑣𝑗 is considered 

feasible if the bottleneck dimension satisfies 𝑇1 ≤ 𝑏𝑖𝑗 ≤ 𝑇2. To further characterize the material’s 

overall ion transport capability, we introduce the conduction threshold vector 𝑅𝑇 =

{𝑅𝑇𝑎
, 𝑅𝑇𝑏

, 𝑅𝑇𝑐
}  as a global feature 𝑢 . 𝐸𝑑  denotes the set of edges along the crystallographic 

direction 𝑑 . 𝑅𝑇𝑎
 , 𝑅𝑇𝑏

  and 𝑅𝑇𝑐
  denote the minimum bottleneck sizes along the primary 

crystallographic directions 𝑎, 𝑏, c. the conduction threshold 𝑅𝑇𝑑
 is defined as Eq. (7): 

𝑅𝑇𝑑
= 𝑚𝑖𝑛{(𝑏𝑖𝑗|(𝑖, 𝑗) ∈ 𝐸𝑑)} (7) 

Incorporating domain knowledge into the GNN modelling process 

GNNs directly work on graph-structured data and have strong ties to the field of geometric 

deep learning 7. Most GNNs designed for materials science can be summarized under the 

framework of Message Passing Neural Networks (MPNNs) as suggested by Gilmer et al. 23 To 

ensure the capture of valuable information of ionic transport process latent in graph-structured data, 

we here propose an attention mechanism that incorporates materials domain knowledge into the 

message passing stage of MPNN. Specifically, the proposed mechanism comprises local and 

global attention layers, where the attention coefficients 𝜆𝑖𝑗 are computed using both data-driven 

and knowledge-driven coefficients, i.e., 𝑒𝑖𝑗−𝑑𝑎𝑡𝑎 and 𝑒𝑖𝑗−𝑑𝑘, as shown in Eq. (8) - (11). 

𝜆𝑖𝑗 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑒𝑖𝑗) =
𝑒𝑥𝑝(𝑒𝑖𝑗)

∑ 𝑒𝑥𝑝(𝑒𝑖𝑗)𝑗∈𝑁𝑖

 (8) 

𝑒𝑖𝑗 = 𝑒𝑖𝑗−𝑑𝑎𝑡𝑎 + 𝑒𝑖𝑗−𝑑𝑘 (9) 

𝑒𝑖𝑗−𝑑𝑎𝑡𝑎 = 𝑎𝑑𝑎𝑡𝑎
𝑇 [𝑊ℎ𝑣𝑖

ℎ−1 ⊕ 𝑊ℎ𝑣𝑗
ℎ−1] (10) 

𝑒𝑖𝑗−𝑑𝑘 = 𝑎𝑑𝑘
𝑇 𝑊ℎ[△ 𝐸𝑖𝑗 ⊕ 𝑅𝑖𝑗] (11) 

where 𝑎𝑑𝑎𝑡𝑎
𝑇  and 𝑎𝑑𝑘

𝑇  is learnable weight vector. 𝑊 means the weight matrix of layer h, while 
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v and ⊕ define a node feature vector and the concatenation operation. 𝑁𝑖 is the set of neighbors 

of node 𝑖. The energy difference △ 𝐸𝑖𝑗 = |𝐸𝑣𝑜𝑖𝑑𝑖
− 𝐸𝑏𝑜𝑡𝑡𝑙𝑒𝑛𝑒𝑐𝑘𝑖𝑗

|, which means the energy barrier 

for ions to migrate from void 𝑖  to 𝑗 . 𝐸𝑣𝑜𝑖𝑑  and 𝐸𝑏𝑜𝑡𝑡𝑙𝑒𝑛𝑒𝑐𝑘  are calculated by Eq.(12) and 

Eq.(13). 𝑅𝑖𝑗 defines the bottleneck radius between void 𝑖 and 𝑗. 

𝐵𝑉𝑆𝐸(𝑀) =
𝐷0

2
∑{(𝑒𝑥𝑝[𝛼(𝑅𝑚𝑖𝑛 − 𝑅)] − 1)2 − 1}

𝑖

+ ∑ 𝐸𝐶𝑜𝑢𝑙𝑜𝑚𝑏(𝑀 − 𝑀𝑖)

𝑁

𝑖=1

 (12) 

𝐸𝑐𝑜𝑢𝑙𝑜𝑚𝑏(𝑀1 − 𝑀2) =
𝑞𝑀1

𝑞𝑀2

𝑅𝑀1−𝑀2

𝑒𝑟𝑓𝑐 (
𝑅𝑀1−𝑀2

𝜌𝑀1−𝑀2

) (13) 

where 𝐷0 , 𝛼 , 𝑅𝑚𝑖𝑛  are Morse potential parameters are empirical constants determined from 

experimental crystal structural data for a large number of stable compounds. 𝑅𝑀1−𝑀2
  is the 

distance between ion 𝑀1  and 𝑀2 . 𝑞  is the effective charge carried by the ion, the screening 

factor 𝜌𝑀1−𝑀2
= 0.74 × (𝑟𝑀1

+ 𝑟𝑀2
). 

Note that departing from the BVSE calculation approach in CCNB, which involves massive 

redundant sampling across the global crystal space (typically encompassing millions of points), 

we instead focus on key energy-relevant sampling sites, such as interstitial sites and migration 

channel bottlenecks. Specifically, we only calculate the interatomic interactions between each 

target site and its nearest neighboring atoms within a 10 Å cutoff radius, resulting in a total of 

merely thousands of sampling sites (only a tiny fraction of the number of computational sites of 

BVSE calculation). It is important to emphasize that these descriptors capture “local” 

environmental potentials rather than the “global” migration barrier itself. Since the target label (𝐸ₐ) 

is the result of a complex path-finding process across the entire potential energy surface, providing 

these discrete local energy points acts as a physical prior, rather than a direct injection of the label. 

This approach not only overcomes the efficiency limitations of conventional methods but also 

provides models with highly condensed, valid domain knowledge. 

Then, to stabilize the learning process of self-attention, we employ multi-head attention 

mechanisms. The node feature vector 𝑣𝑖
ℎ is updated by the following convolution in Eq. (14): 
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𝑣𝑖
ℎ = σ (

1

𝐾
∑ ∑ 𝜆𝑖𝑗

𝑘 𝑊𝑘

𝑗∈𝑁𝑖

𝐾

𝑘=1

𝑣𝑗
ℎ−1) (14) 

where K and 𝜆𝑖𝑗
𝑘  defines the number of attention heads and attention coefficient at the kth attention 

head, σ is the nonlinear activation function. In addition, we also focus on the global attention 

coefficients and propose a global attention layer that integrates 𝑅𝑇 = {𝑅𝑇𝑎
, 𝑅𝑇𝑏

, 𝑅𝑇𝑐
}, which can 

be implemented by Eq. (15) and Eq. (16). 𝑅𝑇, as global state 𝑢, participates in the calculation of 

global attention coefficient 𝑒𝑖
𝑢  with node feature vectors 𝑣𝑖 . Each 𝑒𝑖

𝑢  is normalized by the 

𝑠𝑜𝑓𝑡𝑚𝑎𝑥 function and the normalized global attention coefficient 𝜆𝑖
𝑢  is obtained. Then, 𝜆𝑖

𝑢  is 

multiplied by the corresponding feature vector 𝑣𝑖 and the final graph representation vector 𝐺 are 

obtained by aggregating the information of all nodes and 𝜆𝑖
𝑢, which are shown in Eq. (17).  

𝑒𝑖
𝑢 = 𝑊(𝜎(𝑣𝑖 ⊕ 𝑅𝑇)) (15) 

𝜆𝑖
𝑢 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑒𝑖

𝑢) =
𝑒𝑥𝑝(𝑒𝑖

𝑢)

∑ 𝑒𝑥𝑝(𝑒𝑖
𝑢)𝑖∈ℊ(𝑖)

 (16) 

𝐺 = ∑ 𝜆𝑖
𝑢

𝑖∈ℊ(𝑖)

𝑣𝑖 (17) 

We used the GNN architecture proposed by Chen et al 17 to learn the structure representation 

of ℊ𝐶𝑆. Domain knowledge is incorporated into the MEGNet-Block to further improve accuracy 

for the mining of ionic transport features. Concisely, 𝑅𝑇 = {𝑅𝑇𝑎
, 𝑅𝑇𝑏

, 𝑅𝑇𝑐
}, as the global state, is 

introduced to the message function of MEGNet-Block to update node, edge, and global state 

features of ℊ𝐶𝑆.  

A hybrid-level feature fusion strategy (FFS) based on structural importance 

𝐺𝑐𝑠  and 𝐺𝐼𝑁  are the structure representation vectors of crystal structure and interstitial 

network, respectively. Then feature fusion should be performed to obtain a complete representation 

vector. To our best of knowledge, there is no research to discuss the structural feature fusion 

method in materials science. In this work, we design a series of feature fusion strategies, which 

are summarized in Table 1. Fusion strategies of feature level, decision level, hybrid level, and 

model level significantly improve the prediction performance of barriers and FFS-2 achieves the 
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highest coefficient of determination. FFS-1 is intuitive and easy to train but susceptible to the 

influence of irrelevant features. FFS-2 can adaptively learn the weights of 𝐺𝑐𝑠 and 𝐺𝐼𝑁 via the 

𝑠𝑜𝑓𝑡𝑚𝑎𝑥 function and filter out the redundant features. FFS-3 takes the diversity of FFS-1 and 

FFS-2 into account at the expense of computing cost and interpretability. FFS-4 is implemented 

based on Long Short-Term Memory (LSTM), which is the most complex feature fusion strategy 

among them. Employing LSTM as the main architecture of FFS-4 makes the GNN model too 

complex, which not only reduces the interpretability and generalization, but also decreases the 

prediction accuracy. 

Table 1. Five feature fusion strategies (FFS) 

Feature vector fusion Fusion level Feature Formulation Method Identifier 

Concatenate 𝐺𝑐𝑠 and 

𝐺𝐼𝑁 
Feature level G = σ(𝑊(𝐺𝑐𝑠 ⊕ 𝐺𝐼𝑁)) FFS-1 

Get the decision results 

of 𝐺𝑐𝑠 and 𝐺𝐼𝑁 
decision level 

𝑎𝐶𝑆 = 𝑊𝐺𝐶𝑆, 𝑎𝐼𝑁 = 𝑊𝐺𝐼𝑁 

G = 𝑊(𝑎𝐶𝑆 ⊕ 𝑎𝐼𝑁) 
FFS-2 

Concatenate 𝐺𝑐𝑠 and 

𝐺𝐼𝑁 and their labels 
hybrid level 

𝑎𝐶𝑆, 𝑎𝐼𝑁 = (𝑊𝐺𝐶𝑆, 𝑊𝐺𝐼𝑁 ) 

G = σ(𝑊(𝐺𝑐𝑠 ⊕ 𝑎𝐶𝑆 ⊕ 𝐺𝐼𝑁 ⊕ 𝑎𝐼𝑁)) 
FFS-3 

Based on multi-layers 

LSTM 
model level G = σ (𝑊 (𝐿𝑆𝑇𝑀(𝐺𝑐𝑠 + 𝐿𝑆𝑇𝑀(𝐺𝐼𝑁)))) FFS-4 

Get the weight of 𝐺𝑐𝑠 

and 𝐺𝐼𝑁 
hybrid level 

𝑤𝐶𝑆, 𝑤𝐼𝑁 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝐺𝐶𝑆, 𝑊𝐺𝐼𝑁 ) 

G = σ(𝑊(𝑎𝐶𝑆𝐺𝑐𝑠 ⊕ 𝑎𝐼𝑁𝐺𝐼𝑁)) 
FFS-5 

We further employ FFS-5 due to the consideration of model efficiency and interpretability 

and proposed a feature fusion strategy based on structural importance. FFS-5 assigns a weight 

coefficient for each structure representation (i.e., 𝑤𝐶𝑆 for the representation of crystal structure 

and 𝑤𝐼𝑁 for the representation interstitial network) and fully integrates the information of two 

microstructures to obtain the final spatial structure representation vector. 

Model evaluation 

Table 2 presents the average results of our method in comparison to conventional graph 

neural network architectures across these ten experiments (including standard deviation). The 

results demonstrate that our model achieves superior prediction accuracy for activation energy, 

with an average increase of 30% in the R² metrics. Furthermore, the experimental findings indicate 

that reliance solely on crystal structure information for modeling fails to adequately capture the 

complexities of ionic transport, resulting in diminished predictive accuracy for activation energy. 

Our research not only incorporates the crystal structure but also integrates information on the 

interstitial network that characterizes ionic transport pathways, alongside relevant domain 
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knowledge, to construct both graph neural network models and their fused variants. This approach 

facilitates a more comprehensive and precise exploration of the structure-activity relationships 

associated with ionic transport within the crystalline matrix. Moreover, the performances of 

different models for each transport ion are shown in Table. S1. To highlight the predictive 

performance of different models for ion transport, we here take Ca-containing ionic compounds as 

an example: For 𝐸𝑎 prediction of Ca-containing ionic compounds (Ca2+), SDCGNNdk achieves 

an R² of 0.9300, which is a ~58% improvement over the second-best model (BNMCDGNN , 

R²=0.3464). Meanwhile, its RMSE is 64.8% lower than that of CGCNN (3.3251 eV). This 

accuracy enhancement highlights stronger capability of SDCGNNdk to capture the migration 

features of high-charge-state ions. The performance gain is practically meaningful for electrolyte 

material screening: the MAE of SDCGNNdk (0.6755 eV) is far lower than that of the classical GNN, 

MEGNet, (2.3750 eV), implying a ~72% decrease in misjudgment probability when selecting 

high-mobility electrolytes. This can substantially reduce the cost of subsequent experimental 

validation. The failed fitting of CGCNN for Ca2+, of which R2 values are less than 0, stems from 

its isotropic message-passing scheme, which simplifies the chemical environment into a collection 

of pairwise distances, while Ca2+ migration involves long-range lattice distortion, a dynamic, long-

range structural change that exceeds feature-capturing scope of CGCNN. Moreover, GATGNN, 

SLIGNN, MEGNet and BNMCDGNN show poor performance for Ca2+, which may be because 

these models primarily rely on local atomic environment embeddings while neglecting large-scale 

structural evolution caused by long-range distortions. In such cases, the noise captured by the 

models far exceeds the signal, leading to a complete breakdown in prediction accuracy. Notably, 

although O2- containing entries constitute the majority of the dataset, they do not dominate the 

decision-making process of SDCGNNdk or compromise its predictive accuracy for other species. 

This robustness against data imbalance is primarily attributed to the fine-grained physical encoding 

within our SDCGNNdk architecture. As detailed in Table S1, instead of relying solely on crystal 

structure information, our model integrates the information of IN that describes carrier-specific 

local environments. The high-dimensional interstice features describe the intricate chemical and 

geometric surroundings, while the bottleneck features provide critical constraints on site energy 

and transition-state geometry. This path-specific representation ensures that the input features for 

different ions remain physically distinct and highly informative. Consequently, as evidenced by 

the consistent high performance across all ion types in Table S2, the model successfully learns 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

 

 

 

universal physical principles governing ion transport rather than superficial statistical correlations. 

This underscores the scientific utility of our approach in providing reliable, carrier-specific 

migration barrier predictions regardless of the underlying sample distribution. This illustrates that 

the dual graph representation mechanism embedded with materials domain knowledge of 

SDCGNNdk is tailored to model such dynamic migration trajectories, explaining its consistent 

superiority. 

Table 2. Comparison of the R2, RMSE, MAE in the activation energy (𝐸𝑎) between SDCGNNdk and prior works on 

the self-constructed dataset. 

Model 
R2 of 𝑬𝒂 MAE of 𝑬𝒂 (eV) RMSE of 𝑬𝒂 (eV) 

Ave. Std. Ave. Std. Ave. Std. 
CGCNN 16 0.5235 0.0296 0.5212 0.0239 1.3526 0.0746 
MEGNet 17 0.6252 0.0312 0.4653 0.0186 1.1988 0.0655 
GATGNN 19 0.5927 0.0289 0.4852 0.0148 1.2496 0.0549 
GeoCGNN 18 / / 2.9244 3.5957 108.3066 153.5370 
SLI-GNN 20 0.5007 0.0745 0.5850 0.0486 1.3582 0.1203 

BNM-CDGNN 21 0.6645 0.0463 0.4293 0.0221 1.0977 0.0702 
SDCGNNdk 0.9130 0.0074 0.2546 0.0073 0.5687 0.0354 

* “Ave.” means the average of prediction performance of models; “Std.” means the standard deviation of prediction 

performance of models; “/” means this model has not converged well. 

A comparative analysis of model prediction accuracy under various feature fusion strategies 

is shown in Fig.4.(a). The results indicate that the decision-level feature fusion strategy achieves 

the highest predictive performance. While both feature-level and mixed-level strategies yield 

results comparable to those of the decision-level strategy, they nonetheless fall short of its level of 

accuracy, with the model-level strategy exhibiting the lowest predictive capability. The feature-

level fusion strategy is inherently simplistic, directly merging feature vectors from disparate 

perspectives. Although this streamlining of processing may enhance efficiency, it may not fully 

leverage the information provided by each perspective. In contrast, the decision-level strategy 

independently computes the decision coefficients for each perspective, thereby allowing for more 

nuanced information integration. The mixed-level strategy seeks to combine the strengths of both 

decision-level and feature-level approaches. The model-level strategy employs LSTM to extract 

features from a singular perspective; however, the resultant complexity of the model may 

contribute to a reduction in predictive accuracy. Thus, the judicious selection of feature fusion 

strategies is paramount for optimizing model performance. In light of considerations regarding 

model interpretability and predictive precision, we ultimately opt for the decision-level fusion 

strategy as our methodological approach. Fig.4.(b) illustrates the error reduction curve of the 

model during the training process. It is evident that the model converges around the 100th epoch, 
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indicating that the loss function decreases rapidly and stabilizes throughout the training. This rate 

of convergence suggests that our model can effectively capture the underlying patterns in the data 

and quickly adapt to changes in the input features. Furthermore, the early convergence implies the 

model’s efficiency and effectiveness in handling the task, thereby effectively reducing the risk of 

overfitting. Fig.4.(c) presents the correlation analysis between the predicted values of activation 

energy (𝐸ₐ) for surface reactions over multicomponent catalysts from the SDCGNNdk model, and 

the results from BVSE calculations. In terms of sample point distribution, all pink scatter points 

corresponding to the data are closely clustered around the reference line. This analysis aims to 

assess the reliability of the model in replacing BVSE calculations to enable rapid prediction of 𝐸ₐ. 

  
Fig.4. The average performance of different models in predicting 𝑬𝒂  for multi-system solid electrolyte. (a) the 

comparison of 4 different feature fusion strategies; (b) the average loss curve of model training process; (c) the scatter 

plot of the activation energy prediction results. 

Ablation study 

To verify whether integrating materials domain knowledge is a key factor in boosting the 

predictive performance of the SDCGNNdk model, this section carries out a set of hierarchical 

ablation experiments. By incrementally incorporating distinct domain knowledge modules (as 
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defined in the study), five model variants (SDCGNNdk-0 to SDCGNNdk-4) are constructed. Their 

performance on the ion transport property prediction task is evaluated using two metrics, i.e., R2 

and MAE. Specifically, SDCGNNdk-0 serves as the baseline, which only adopts the structure 

divide-and-conquer strategy, without integrating any of the three target domain knowledge 

modules (pre-trained elemental embeddings, energy-difference, and global state features); 

SDCGNNdk-1 enhances the baseline by adding pre-trained node features and atomic intrinsic 

attributes; SDCGNNdk-2 builds on SDCGNNdk-1 by further integrating site energy information 

(i.e., energy difference) derived from the CCNB method 11 into the attention mechanism. 

SDCGNNdk-3 is based on SDCGNNdk-1 but replaces the energy difference module with the global 

state module; SDCGNNdk-4 combines all three domain knowledge modules (pre-trained elemental 

embeddings, energy-difference, and global state) on the basis of the baseline strategy. Table 3 

summarizes the average predictive performance of these SDCGNNdk variants under different 

domain knowledge integration configurations. 

Table 3. Average model prediction performance under different domain knowledge embedded modules 

Model 

Domain knowledge 

R2 of 𝑬𝒂 
MAE of  

𝑬𝒂 (eV) 
Pre-trained 

elemental embeddings 

Energy 

difference 

Global state 

𝑹𝑻 = {𝑹𝑻𝒂
, 𝑹𝑻𝒃

, 𝑹𝑻𝒄
} 

SDCGNNdk-0 × × × 0.8063 0.3428 

SDCGNNdk-1 √ × × 0.8279 0.3204 

SDCGNNdk-2 √ √ × 0.8448 0.3056 

SDCGNNdk-3 √ × √ 0.9018 0.2727 

SDCGNNdk-4 √ √ √ 0.9130 0.2546 

To visually capture the performance trend associated with incremental domain knowledge 

integration, we present an ablation trend plot, as shown in Fig.5.. In conjunction with the results 

from Table 2, Table 3 and Fig.5., it can be observed that even without any embedded domain 

knowledge, the SDCGNNdk-0 model, based solely on the structure divide-and-conquer strategy, 

has already surpassed 6 other GNN models constructed using only crystal geometry. This finding 

further underscores the effectiveness of incorporating information on the interstitial network in 

capturing ion transport mechanisms. 
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Fig.5. Results of the ablation experiments conducted on the model. (a) and (b) present the outcomes based on the R2 

and MAE metrics of 𝐸𝑎, respectively. 

Specifically, SDCGNNdk-1 replaces the One-Hot encoding (adopted by SDCGNNdk-0) with 

physicochemical property vectors for node representation by integrating pre-trained elemental 

embeddings (atomic features and intrinsic properties). This adjustment enhances the 𝐸ₐ 

prediction performance: the coefficient of determination R2 increases by ~2.2% (from 0.8063 of 

SDCGNNdk-0 to 0.8279 of SDCGNNdk-1). The improvement stems from the model’s strengthened 

ability to capture local interactions via these pre-trained embeddings. Unlike One-Hot vectors 

(which only encode basic attributes like atomic numbers), pre-trained elemental embeddings 

encapsulate key physicochemical properties (e.g., atomic radius, electron configuration, 

electronegativity), filling the information gap of simple One-Hot encoding. SDCGNNdk-2 further 

boosts performance by incorporating energy-difference features (calculated via the CCNB method) 

and integrating them as attention coefficients into the weight computation of the local attention 

layer. This leads to an R2 increase from 0.8279 (SDCGNNdk-1) to 0.8448, paired with an MAE 

reduction from 0.3204 to 0.3056. These energy differences (derived from BVSE calculations) 

quantify inter-node interaction strength, enabling the model to better identify critical “bottleneck 

nodes” and “high-energy-barrier passages”. This optimization refines information propagation in 

the graph structure, thereby enhancing the model’s ability to capture ion transport characteristics. 

SDCGNNdk-3 embeds the global state feature 𝑅𝑇 = {𝑅𝑇𝑎
, 𝑅𝑇𝑏

, 𝑅𝑇𝑐
}  (conduction threshold) to 

characterize the connectivity of macroscopic transport channels, which reflects whether 

continuous low-energy-barrier transport paths exist in the material, bearing clear physical 

significance. With this embedding, the model’s R2 rises to 0.9018 and MAE drops to 0.2727; 

compared to SDCGNNdk-1, this corresponds to an R2 improvement of ~5.7%. Finally, SDCGNNdk-

4 integrates all three types of materials domain knowledge (pre-trained elemental embeddings, 
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energy-difference, and global state 𝑅𝑇), each with clear physical significance. This leads to an R2 

of 0.9130 and an MAE of 0.2546, representing an ~10.7% R2 improvement relative to SDCGNNdk-

0. 

It is noteworthy that current research on material performance prediction remains largely 

confined to local structural modeling, with limited attention to global factors. This study illustrates 

that the approach of embedding a small portion of readily accessible intermediate outputs from 

complex computational methods (e.g., the CCNB method) into the process of model construction 

(e.g., the energy difference for attention matrix of local attention layer, conduction threshold for 

global embedding features), serves as a key entry point for integrating domain knowledge. This 

pathway is not only core to enhancing model generalization and accuracy, thereby refining the 

model’s ability to capture structure-property relationships, but can drastically speed up the 

calculation of activation energy (from tens of minutes reduced to a few seconds). 

DISCUSSION 

The structure of materials directly determines their properties. Many isostructural compounds 

crystallizing in the same space group exhibit similar properties. Therefore, we conduct a statistical 

analysis of the space groups of materials with 𝐸ₐ below 1.2 eV, as presented in Fig.S2 in SI. The 

results indicate that the space groups of these low-activation-energy materials are typically 

associated with Na Super Ionic Conductor (NASICON)-type compounds, such as 𝑅3̅𝑐, 𝑃21/𝑐,

𝐶2/𝑐. To identify relevant candidates, structural screening of the dataset is performed based on the 

chemical formula and space group information of the materials, leading to the selection of a set of 

NASICON-type materials for further analysis. The space groups of these selected materials not 

only include those corresponding to the intrinsic structural features of the NASICON family but 

also encompass space groups associated with phase transitions and those exhibiting analogous 

structural characteristics. 

NASICON-type solid electrolytes hold great application potential in energy storage systems. 

These compounds are remarkably stable, as corner-sharing transition metal-oxide octahedra and 

phosphate tetrahedra form a robust 3-dimensional (3D) framework. This structural arrangement 

creates wide ion transport pathways, thereby enabling high ionic conductivity. Our material dataset 

contains 370 compounds that match the chemical formula of NASICON-type materials. Following 
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data cleaning and space group filtering, 5 compounds with an 𝐸ₐ below 1.0 eV are selected for 

detailed investigation. 

As shown in Table 4, SDCGNNdk provides highly accurate predictions of 𝐸𝑎 for NASICON-

type solid-state electrolytes. Among the NASICON-type materials, in addition to the commonly 

observed space group 𝑅3̅𝑐 , several other space groups are also present. For instance, 

𝑇ℎ2𝐶𝑢(𝑃𝑂4)3 exhibits the space group C2/c 24, 𝐿𝑖3𝐹𝑒2(𝑃𝑂4)3 adopts the space group P2_1/c, 

and 𝐿𝑖3𝑆𝑛2(𝑃𝑂4)3  is characterized by the space group 𝑃_1  25, all of which feature the same 

corner-sharing NASICON-type framework. In addition, these low 𝐸ₐ materials also have the 

potential to become interface buffer layers for all-solid-state batteries. For example, 𝐿𝑖𝑍𝑟2(𝑃𝑂4)3 

has relatively high oxidation stability (>5V) and excellent ionic conductivity (10−5 − 10−4  𝑆 ∙

𝑐𝑚−1  at room temperature) and Wang et al. 26 used  𝐿𝑖𝑍𝑟2(𝑃𝑂4)3  as a buffer layer for the 

𝐿𝐶𝑂 (𝐿𝑖𝐶𝑜𝑂2)/𝐿𝑃𝑆𝐶𝑙 (𝐿𝑖6𝑃𝑆5𝐶𝑙)  interface. First principles calculations and analysis showed 

that the activation energy of lithium-ion migration at the 𝐿𝐶𝑂/𝐿𝑍𝑃𝑂  and 𝐿𝑍𝑃𝑂/𝐿𝑃𝑆𝐶𝑙 

interfaces decreased from 1.367 eV to 0.531 eV and 0.904 eV, respectively, while improving 

interface stability. 

Table 4. Prediction of NASICON-type materials 

Material id Chemical formula 
Space 

group 
Cell volume 

BVSE 𝐸ₐ 

(eV) 
Predicted 𝐸ₐ 

(eV) 
ICSD_80863 Th2Cu(PO4)3 C2/c 988.2904 0.2832 0.3253 
ICSD_60948 Li3In2(PO4)3 P2_1/c 940.6463 0.5859 0.5428 
ICSD_96964 LiV2(PO4)3 P2_1/c 823.8331 0.6543 0.6837 
ICSD_96963 Li2V2(PO4)3 P2_1/c 867.2383 0.4785 0.4536 
ICSD_201935 LiZr2(PO4)3 R-3c 1507.5005 0.3906 0.3724 

Building upon the structure-importance-based hybrid-level feature fusion strategy proposed 

in Section of A hybrid-level feature fusion strategy (FFS) based on structural importance, two 

weighting parameters (i.e., 𝒘𝑰𝑵 and 𝒘𝒄𝒔) of the features from GNNs for interstitial network and 

crystal structure in the final fusion vector, output by FFS-5 are extracted to systematically quantify 

the relative contributions of structural features from different perspectives to the target property. 

Based on the dataset constructed in Section of Dataset construction, structural importance analysis 

reveals that approximately 67% of the compounds exhibit ion transport performance predictions 

that rely more heavily on the interstitial network, whereas the remaining 33% are predominantly 

influenced by the crystal structure. This distribution pattern highlights that, for the complex system 

of solid-state electrolytes, the interstitial network generally constitutes the dominant structural 
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subgraph governing ionic transport behavior. Furthermore, 9 representative compounds are 

selected to investigate the structure-activity relationships between their structural features and ion 

transport performance, as summarized in Table 5. 

We find that for compounds with complex structures and high percolation thresholds, ion 

migration pathways typically exhibit dense bottleneck distributions, coexistence of multiple 

channels, and pronounced topological branching. In such cases, predictive performance relies 

predominantly on the interstitial network. For example, in ZnCr2O4 (ICSD_171898), the crystal 

graph contains 93 atomic nodes, whereas the interstitial network comprises 207 interstitial nodes 

and 896 bottleneck points, indicating intricate topology. Here, model prediction is almost entirely 

dependent on the interstitial network, underscoring the critical roles of structural redundancy and 

bottleneck density in ion transport. In contrast, for compounds with ordered structures, well-

defined migration pathways, and continuous channels, predictive performance is primarily 

governed by the crystal structure. For instance, Li2O (ICSD_173193) features a crystal graph with 

only 21 atomic nodes and an interstitial network comprising 12 nodes and 63 bottleneck points. In 

such systems, ion transport behavior is largely dictated by the stability and configurational order 

of the crystal framework. 

Table 5. Structural characteristics of various inorganic compounds and the FFS-5 predictions of their 𝑬ₐ. 

ID Interstitial network 𝒘𝑰𝑵 Crystal geometry 𝒘𝒄𝒔 𝑹𝑻 
BVSE 𝐸ₐ 

(eV) 
Predicted 
𝐸ₐ (eV) 

ICSD 

171898 

 

0.8

5 

 

0.15 
0.712

2 
0.4689 0.5002 

ICSD 

155635 

 

0.7

1 

 

0.19 
0.422

6 
0.3809 0.4391 

ICSD 

18096 

 

0.6

6 

 

0.34 
0.620

1 
0.5371 0.4956 

ICSD 

181312 

 

0.8

1 

 

0.19 
0.600

5 
0.4981 0.5131 
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ICSD 

628110 

 

0.7

9 

 

0.21 
0.548

5 
0.4297 0.4947 

ICSD 

52232 

 

0.1

7 

 

0.83 
0.632

1 
0.8105 0.8356 

ICSD 

44781 

 

0.2

3 

 

0.77 
0.517

6 
0.2832 0.3027 

ICSD 

173193 

 

0.3

4 

 

0.66 0.61 0.3027 0.2687 

ICSD 

56541 

 

0.3

7 

 

0.63 
0.543

9 
0.4687 0.4055 

*“𝒘𝑰𝑵” and “𝒘𝒄𝒔” means the weight ratio of the features from GNN for interstitial network and crystal structure in 

the final fusion vector. 

These findings are corroborated by expert insights from the research team: when the crystal 

structure is regular and the ion migration space is continuous and open, the crystal framework 

alone sufficiently captures the migration mechanism. Conversely, in systems with complex 

configurations and branched topologies, ion migration exhibits heterogeneous bottleneck and 

channel distributions, with the interstitial network providing a more sensitive depiction of pathway 

connectivity and blockages. This reveals a fundamental principle: neither crystal geometry nor 

interstitial network is an exclusive factor but instead they exhibit a complementary and synergistic 

relationship in governing ion transport. The crystal framework establishes the initial energy 

landscape and geometric boundaries of migration, while the interstitial network modulates 

pathway extensibility, bottleneck distributions, and spatial connectivity. Their interplay underpins 

the intrinsic transport mechanisms. 

In conclusion, we develop a structure divide-and-conquer graph neural network framework 

for unveiling structure-activity relationships of transport barriers by incorporating domain 

knowledge, which marks an advanced development of the divide-and-conquer modeling strategy 

27. Our method outperforms the conventional GNNs that are only based on crystal geometry 
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information by over 10% on average. This significant improvement demonstrates that dual-

structure crystal graph representation and incorporating materials domain knowledge into the GNN 

modeling process can significantly improve the model performance in predicting ionic transport 

barriers. Ablation studies further verify the effectiveness of incremental addition of domain 

knowledge consistently enhances the prediction performance of GNNs. Meanwhile, through 

quantifying the importance of crystal geometry and interstitial network to the ionic transport 

property, our approach provides an insight for researchers to understand the ion transport structure-

activity relationships between the microstructure and ionic transport barriers. It is worth noting 

that existing studies, including the present work, primarily focus on ordered crystal structures. In 

future research, we aim to extend our scope to disordered systems by leveraging robust approaches 

for modeling site-occupancy disorder, e.g., MCTSGT method 28 that efficiently identifies 

representative configurations of site-occupancy disorder through Monte Carlo Tree Search and 

graph-theory-based pruning. Overall, our work provides a new research perspective and method 

for comprehensively unveiling the structure-activity relationship of ion transport barriers, which 

can promote the design and discovery of new advanced ionic conductors. 

METHOD 

Message passing neural network 

The Message Passing Neural Network 23 is a deep learning architecture designed for 

implementation in materials science and chemistry. They were introduced as a framework to 

generalize several proposed techniques 29-31, and have demonstrated state-of-the-art results on 

multiple related benchmarks. MPNNs contain three major operations: message passing, node 

update, and readout. At the very beginning, each node in the graph is assigned with an initial state 

𝑣𝑖
0 . Then, each node updates its own state by aggregating information from its immediate 

neighborhood. This is done according to the following formulas: 

𝑚𝑣
𝑡 = ∑ 𝑀𝑡(𝑣𝑖

𝑡 , 𝑣𝑗
𝑡 , 𝑒𝑖𝑗  )

𝑗∈𝑁(𝑉)

 
(18) 

𝑣𝑖
𝑡+1 = 𝑈𝑡(𝑣𝑖

𝑡, 𝑚𝑣
𝑡 ) (19) 

where 𝑀𝑡  is the message function, 𝑈𝑡  is the node update function, 𝑣𝑖
𝑡  is the hidden state of 

node v at time t, 𝑒𝑖𝑗 is the hidden state of edge between node v and j, 𝑁(𝑉) is the set of neighbors 
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of node v, and 𝑚𝑣
𝑡   is a corresponding message vector. After a chosen number of “messaging 

rounds”, all these context-aware node states are collected and converted to a summary representing 

the whole graph. This process is shown in Eq. (20): 

𝑦̂ = 𝑅({𝑣𝑖
𝐾|𝑖 ∈ 𝐺}) (20) 

Where 𝑦̂ is the feature vector representing the whole graph, R is the readout function.  

Attention Mechanism 

Attention mechanisms have been widely used in various tasks of deep learning, such as 

computer vision (CV), natural language processing (NLP) and speech recognition (SR) 32-34. The 

rise of diverse graph data types such as social networks, knowledge graphs, and recommendation 

systems underscores the growing significance of attention mechanisms in graph analysis. 

Conventional GNNs regard each node as a static entity, often overlooking its position within the 

graph or its interrelations with other nodes. The incorporation of attention mechanisms empowers 

GNNs to dynamically allocate focus to varying nodes or edges during graph convolution, thereby 

enhancing the capture of both local and global structural features within the graph.  

Attention mechanisms are also applicable to research in materials science, offering a means 

to analyze the crystal structure and predict properties through the utilization of both local and 

global attention mechanisms. Local attention primarily directs focus towards the localized 

chemical environments within the crystal structure, with the aim of accurately simulating atom 

interactions and identifying structural characteristics. Global attention encompasses the 

contributions of each atom to the entirety of the crystal structure. By synergistically employing 

both local and global attention mechanisms, the precision of crystal structure analysis and property 

prediction can be heightened.  

MEGNet Block 

MEGNet is a general message passing framework for crystals proposed by Chen et al. 17. In 

MEGNet, a crystal graph can be defined as 𝐺 = (𝑉, 𝐸, 𝑢). MEGNet block provides a universal 

update operation for nodes, bond and global state. The feature vectors of each bond are updated 

using feature vectors from itself, its connecting atoms 𝑣𝑖 and 𝑣𝑗 and global state vector 𝑢, as 

follows: 
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𝑒𝑖𝑗
′ = 𝜙𝑒(𝑣𝑖 ⊕ 𝑣𝑗 ⊕ 𝑒𝑖𝑗 ⊕ 𝑢) (21) 

where 𝜙𝑒 is the bond update function and ⊕ is the concatenation operator Next, the feature 

vectors of each atom are updated using feature vectors from itself, the bonds connecting to it, and 

the global state vector u, as follows: 

𝑣̅𝑖
𝑒 =

1

𝑁𝑖
𝑒 ∑ 𝑒𝑖𝑗

′

𝑁𝑖
𝑒

𝑗=1

 (22) 

𝑣𝑖
′ = 𝜙𝑣(𝑣𝑖⨁𝑢⨁𝑣̅𝑖

𝑒) (23) 

where 𝑁𝑖
𝑒 is the number of bonds connecting to atom 𝑖 and 𝜙𝑣 is the atom update function. The 

aggregation step acts as a local pooling operation that takes the average of bonds that connect to 

the atom 𝑖. The global state vector u is updated using information from itself and all atoms and 

bonds, as follows: 

𝑢̅𝑒 =
1

𝑁𝑒
∑ 𝑒𝑖𝑗

′

𝑁𝑒

𝑗=1

 (24) 

𝑢̅𝑣 =
1

𝑁𝑣
∑ 𝑣𝑖

′

𝑁𝑣

𝑖=1

 (25) 

𝑢′ = 𝜙𝑢(𝑢̅𝑒 ⊕ 𝑢̅𝑣⨁𝑢) (26) 

where 𝜙𝑢 is the global state update function. MEGNet block also contains residual netlike skip 

connections to enable deeper model training and reduce over-fitting.  

Evaluation metrics 

R-squared (R2), Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE) are 

important metrics for evaluating the performance of regression tasks, their calculation formulas as 

follows: 

𝑅2 = 1 −
∑ (𝑦𝑖 − 𝑦̂𝑖)2𝑛

𝑖=1

∑ (𝑦̅𝑖 − 𝑦𝑖)2𝑛
𝑖=1

 (27) 
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𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑦𝑖 − 𝑦̂𝑖)2

𝑛

𝑖=1

 (28) 

𝑀𝐴𝐸 =
1

𝑛
∑|(𝑦𝑖 − 𝑦̂𝑖)|

𝑛

𝑖=1

 (29) 

where 𝑦𝑖  is the targets, 𝑦̂𝑖  is the predicted value, 𝑦̅𝑖  is the mean of 𝑦𝑖 , 𝑛  is the number of 

sample data. R2, also known as the coefficient of determination, is the ratio of the covariance 

between predicted and actual values to the variance of the actual values. It measures the proportion 

of the target variable variance that the model can explain, with values ranging from -1 to 1; closer 

to 1 indicates better model fit. RMSE is the square root of the mean of the squared differences 

between targets and predicted values. It gives higher weight to large errors, thus being more 

sensitive to outliers. MAE represents the average of the absolute differences between targets and 

predicted values. It reflects the model's prediction error across the entire dataset and is less 

sensitive to outliers. These metrics play different roles in evaluating regression models, and their 

comprehensive application aids in a thorough assessment of model performance. 

Hyperparameter optimization 

In this section, we detail several key hyperparameters of our model. Since the method of 

dataset partitioning can influence model performance, we randomly divide the dataset into training, 

validation, and test sets using ratios of 6:2:2 and 8:1:1. Each partitioning strategy is repeated for 

10 independent runs with different random seeds to assess model stability and generalizability, of 

which results can be seen in Table S3. Given the limited size of the dataset, an 8:1:1 split is 

ultimately adopted to balance sufficient training with reliable evaluation. Unlike the 6:2:2 split, 

which reserves 40% of the data for non-training purposes, the 8:1:1 strategy allocates a larger 

portion of the valuable labeled data (80%) to model optimization, while still maintaining validation 

and test sets of adequate size to meet statistical significance requirements. This approach 

maximizes the utility of the available data and helps prevent potential underfitting caused by an 

insufficient number of training samples. For all models presented in this work, training is 

conducted over 200 epochs using the AdamW optimizer 35. As shown in Fig.4.(b), 200 epochs are 

sufficient for the convergence of our model. 
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Learning rate. Learning rate is one of the most important hyperparameters. The initial learning 

rate is set as 1e-3, where large learning rate serves the function of implicit regularization, thereby 

guiding the model to converge towards flat minima associated with better generalization capability. 

Then, we adopted the step decay strategy (StepLR) 36 for dynamic learning rate adjustment, where 

the current learning rate is multiplied by a decay factor of 0.1 every 60 training epochs, ensuring 

fine-grained optimization and stable convergence in the later stages. 

The number of convolution layers. The number of layers functions as a double-edged sword: 

on the one hand, increasing the layer count expands the receptive field, enabling nodes to capture 

long-range structural dependencies and sophisticated global features; on the other hand, it 

inherently elevates the risk of over-smoothing. Since GNN layers essentially implement a feature 

aggregation mechanism analogous to low-pass filtering, stacking an excessive number of layers 

can drive the hidden representations of all nodes to converge toward identical values. This 

homogenization erodes the distinctiveness of node-specific features and consequently results in a 

substantial degradation of model performance. Hence, due to the issue of over-smoothing 37, our 

model is limited to architectures with 3 to 6 layers. As shown in Fig.S3(b), the impact of the 

number of GNN layers on the prediction accuracy of 𝐸𝑎. As the number of layers increases from 

3 to 5, both RMSE and MAE exhibit a consistent downward trend, reaching their minimum values 

at 5 layers. This improvement suggests that a moderate increase in network depth enhances the 

model's capability to capture long-range structural dependencies. However, a significant rebound 

in prediction errors is observed when the depth further extends to 6 layers. This performance 

degradation is a classic manifestation of the over-smoothing effect, where excessive aggregation 

causes node representations to become indistinguishable. Consequently, 5 layers are identified as 

the optimal architecture for balancing receptive field expansion and feature distinctiveness. 

Batch size. This not only determines the speed of model training but also profoundly 

influences the convergence stability, generalization ability, and memory consumption of the model. 

We investigate the impact of batch size on model generalization. As illustrated in Fig.S3(c), we 

evaluate the impact of batch size on the predictive performance of our model. The experimental 

results indicate that both error metrics follow a U-shaped trend as the batch size increases. The 

model achieves its peak performance at a batch size of 64, suggesting an optimal trade-off between 

gradient stability and stochastic exploration. A further increase in batch size leads to a slight 
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degradation in accuracy, potentially due to the optimization process converging to less 

generalizable regions of the loss landscape. 

Cutoff distances and Max number of neighbors. The selection of cutoff distance and maximum 

number of neighbors represents a trade-off between physical fidelity and model expressivity. An 

excessively small cutoff may lead to the omission of critical long-range interactions (e.g., van der 

Waals forces), resulting in loss of information. Conversely, an overly large cutoff or neighbor count 

may lead to the over-smoothing issue, where node features become indistinguishable as the graph 

becomes too dense. By optimizing these parameters, we ensure that the graph captures the intrinsic 

local coordination environment, such as the first and second coordination shells, while avoiding 

the inclusion of physically insignificant distant nodes, thus enhancing the sensitivity of the model 

to subtle geometric variations. To investigate the impact of graph construction parameters on 

model performance, we conduct a sensitivity analysis on the cutoff distance (C) and the maximum 

number of neighbors (N). As illustrated in Fig.S3(d), the model achieves its highest predictive 

precision at C=8 Å and N=12, where both RMSE and MAE reach their minimum values. 

Specifically, increasing the cutoff distance from 5 Å to 8 Å (while maintaining N=12) results in a 

noticeable reduction in error, suggesting that a 5 Å radius is insufficient to capture the long-range 

interactions and higher-order coordination shells that influence the activation energy. However, at 

a fixed cutoff of 8 Å, expanding the neighbor limit from N=12 to N=16 leads to a significant 

degradation in accuracy. This phenomenon can be attributed to the inclusion of physically less 

relevant distant atoms, which introduces structural noise and causes feature dilution, thereby 

hindering the model's ability to discern critical local motifs. Consequently, the configuration of 

C=8 Å and N=12 is identified as the optimal trade-off, providing a comprehensive representation 

of the chemical environment while maintaining a high signal-to-noise ratio for robust feature 

extraction. 

More details of prediction performance of SDCGNNdk can be seen in Table S3 to S6. 

DATA AVAILABILITY 

The data that support the findings of this study are not openly available due to reasons of sensitivity 

and are available from the corresponding author upon reasonable request. 
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CODE AVAILABILITY 

The code and training configurations for SDCGNN and comparative models, as well as the result 

plotting scripts, are available on GitHub at https://github.com/ZHW-YANN/SDCGNN-DK 
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