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Abstract 1 

With the growing demand for advanced energy materials, finding suitable metallic 2 

electrode nanomaterials with strong metallophilicity remains challenging. Machine 3 

learning methods offer powerful tools to tackle this issue by enabling efficient 4 

exploration of the extensive compositional space and accurate modeling of complex 5 

interactions. We investigated the interactions between seven-layered MA₂Z₄ 6 

nanomaterials and eight metal atoms using computational simulations, a high-7 

throughput workflow and multitask machine learning (MTL) to explore a vast 8 

compositional space. We built a comprehensive dataset of 2,592 MA₂Z₄ nanomaterials 9 

and identified 2,018 stable adsorption structures for training models. Using the MTL 10 

and crystal graph convolutional neural network (CGCNN), we achieved superior 11 

accuracy in predicting adsorption energy of nanomaterials compared to traditional 12 

Auto-ML models. MA₂Z₄ nanosheets with low-electronegativity A elements and 13 

highly-electronegativity Z elements exhibit high stability and metallophilicity, making 14 

them promising electrode nanomaterials. This study highlights the power of integrating 15 

MTL and CGCNN methodologies to accelerate the discovery and optimization of novel 16 

energy nanomaterials. 17 
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1. Introduction 1 

Energy materials, especially electrode materials, hold significant potential for electric vehicles 2 

and renewable energy storage.1 Compared to intercalation electrodes, metal electrodes store and 3 

release charge through direct metal deposition and stripping, theoretically providing higher energy 4 

densit.2 However, during charging, metal electrodes tend to form uneven surface structure 5 

distribution, leading to dendritic growth, which can cause "isolated metal deposits," resulting in 6 

capacity decay and posing safety risks like internal short circuits.3-10 The interaction between metal 7 

electrodes and supporting scaffolds plays a crucial role in this process.11 To enhance stability and 8 

promote uniform metal distribution, scaffolds are used to improve electrode performance by 9 

providing a uniform field effect, reducing local current density, and suppressing dendrite 10 

formation.12 Consequently, developing metallophilic surface structures to suppress dendritic growth, 11 

lower nucleation overpotentials, and guide uniform deposition has become a key research 12 

direction.13,14 13 

Layered nanomaterials, as supporting and protecting surface structures, are crucial in metal 14 

electrodes, mitigating the effects of volume expansion, and suppressing dendritic growth.15-18 15 

Among them, MA₂Z₄ materials are composed of transition metals in the middle layer, with the 16 

elements A and Z—belonging to the IIIA-VIA groups—distributed on both sides of the transition 17 

metal layer.19,20 These seven-layered 2D nanomaterials have tunable electronic properties and 18 

chemical stability, making them suitable as scaffolds for electrode materials in applications 19 

requiring high cyclability and volume change resistance.21,22 However, due to the large 20 

compositional space and difficulties in experimental synthesis, utilizing advanced computational 21 

simulation methods to screen and optimize these materials has become especially important.23 These 22 

limitations frequently result in a restricted exploration of the extensive compositional space, thereby 23 

impeding the discovery of optimal configurations for electrode applications. Machine learning (ML) 24 

methods, due to their ability to predict material properties at near-first-principles accuracy but at 25 

much faster speeds, are accelerating the design of novel materials.24 Recent studies have shown that 26 

ML algorithms can significantly accelerate the materials discovery process, enabling the 27 

identification of promising candidates for specific applications, such as batteries25 and catalysts26.  28 

Traditional ML methods often struggle to capture the complex local and non-local interactions 29 



4 

 

within materials.27,28 To address this, the Graph Neural Networks (GNNs) model,29 a type of deep 1 

learning framework, can operate on graph-structured data without the need for manual feature 2 

engineering, allowing for accurate predictions of material properties such as formation energy, band 3 

gaps, and elastic moduli.29,30 GNNs are particularly advantageous in capturing complex interactions 4 

within materials, employing the strengths of deep learning in addressing these challenges. Recent 5 

advancements in the GNNs framework have introduced bond-type embedding to better distinguish 6 

different chemical bond types and incorporated transformer architectures to more effectively capture 7 

long-range interactions in material structures31-35. Meng et al.36 proposed the BNM-CDGNN model 8 

achieving state-of-the-art results in formation energy, band gap and adsorption energy. However, 9 

GNNs may overfit or underfit specific datasets due to their reliance on neighboring node 10 

features37—representing local atomic or structural properties. This limitation is particularly 11 

significant when predicting properties for extreme data points, as these often challenge the model's 12 

ability to capture broader trends38,39 and multi-task learning (MTL) has been proposed.40,41 Chen 13 

Liang et al.42 developed a multi-task mixture density network (MTL-MDN) framework to predict 14 

adsorption energy (Eb) of CO on Cu-based single-atom alloy catalysts for CO₂ reduction which 15 

showed good generalization capabilities on limited datasets and significantly reduced overfitting. 16 

However, related methods have limitations when applied to the diverse elemental dataset of 2D 17 

materials, especially MA₂Z₄. Predicting their properties is challenging due to the vast compositional 18 

space and complex structural features of these materials, especially when dealing with unoptimized 19 

structures. This complexity makes it difficult to accurately predict Eb. Therefore, developing models 20 

to predict interaction energy in 2D materials, particularly MA₂Z₄, with improved accuracy and 21 

generalization, is key for advancing the material design. 22 

Building upon the combined strengths of MTL and CGCNN, we design the MTL-CGCNN 23 

model and employ the HTW to construct a comprehensive dataset from 48 selected elements as 24 

potential candidates for MA2Z4. Specifically, we calculated the adsorption energy (Eb) of 2,310 25 

structures by using DFT calculation, which served as the training set for our model. Utilizing the 26 

MTL-CGCNN model, we predicted the Eb for the remaining 62208 unoptimized adsorption 27 

structures within the compositional space. Notably, our method innovatively predicts adsorption 28 

energy for multi-element adsorption systems without requiring prior structural optimization. This 29 

model demonstrates exceptional performance by significantly improving both predictive accuracy 30 
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and generalization. It reduces the root mean square error (RMSE) by 0.32 eV and the mean absolute 1 

error (MAE) by 35% compared to the baseline automated machine learning (Auto-ML) model, 2 

indicating significantly improved prediction accuracy. The training process was stable, as evidenced 3 

by the small gap between training and validation MAE values. Notably, the model maintains reliable 4 

prediction performance even for structures with higher Eb of 4–8 eV. Finally, we identified 5 

promising MA₂Z₄ materials like the α-phase MoGa₂N₄. The α-phase is a distinct structural 6 

configuration characterized by a seven-layered arrangement, contributing to its high adsorption 7 

energy (Eb) and excellent structural stability. Our method effectively addresses the challenges of 8 

predicting Eb for complex and unoptimized structures within the vast compositional space of MA₂Z₄ 9 

materials. 10 

 11 

Figure 1. (a) The schematic diagram of MA2Z4, where red, green, and blue spheres are M, A, and 12 

Z atoms, respectively. The purple circle marks the adsorbed metal atoms. (b) The constituents for 13 

structures composed from M, A, Z and metal atoms, respectively. 14 

2. Methods 15 

2.1. HTW 16 

In this study, we primarily investigated the basic structure of seven-layer MA₂Z₄. The side view 17 

and top view of two different symmetry types of MA₂Z₄ (the α-phase and the β-phase) are shown 18 

(Figure 1a). Based on the arrangement of the interlayer atoms, the stable structures can be classified 19 

into α-MA₂Z₄ and β-MA₂Z₄. The α-MA₂Z₄ belongs to P6m2 structure (space group No. 187) with 20 

the plane symmetry, while β-MA₂Z₄ belongs to P3m1 structure type, space group (No. 164), being 21 

centrosymmetric. According to existing experimental and theoretical work, the M atom should be a 22 
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metal atom. We selected 36 M elements from periods 4 to 6 of the periodic table.12,20 The A and Z 1 

elements are chosen from periods 2 to 4, from groups IIIA to VIA with 36 unique A-Z combinations 2 

(Figure 1b). Combining the 36 M elements and the two structural phases (α and β) for each 3 

composition, the total number of MA₂Z₄ primitive cell structures is 2,592. Furthermore, we examine 4 

the interactions of these structures with eight different metal atoms (Li, Na, K, Ca, Mg, Fe, Zn, Al) 5 

to form adsorption structures (Figure 2a). In practice, we selected a subset of 770 MA₂Z₄ substrate 6 

structures for adsorption energy (Eb) calculation by using the HTW (Figure 2b). Considering three 7 

high-symmetry adsorption sites on each substrate, this resulted in 2,310 possible adsorption 8 

structures. We performed ab initio screening the resulting structures and identified the stable 9 

adsorption configurations for model training (Figure 2c). 10 

 11 

Figure 2. Schematic illustrations about the ideas and methods in this work. (a) Composition space. 12 

(b) High-throughput processes. (c) MTL-CGCNN model design. (d) HTW for Eb calculation. 13 

To calculate thousands of adsorption structures, we developed the HTW to systematically 14 

explore the structural and adsorption properties of MA₂Z₄ materials (detailed in section 3 of SI). 15 
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The workflow mainly consists three main steps (Figure 2d). 1 

1. Generation of the initial 2,592 MA₂Z₄ primitive cell structures within the entire compositional 2 

space of MA₂Z₄. These structures were subject to DFT calculations in order to obtain binding 3 

and cohesive energies and determine the stable substrate structures in following steps.  4 

2. In this step, adsorption systems were constructed by building upon the primitive cell structures. 5 

Each MA₂Z₄ structure is expanded to identify three highly symmetric adsorption sites, 6 

designated as adsorption sites A, B, and C. Combinations of MA2Z4 and metal atoms were 7 

randomly selected from the entire composition space and the metal atoms are positioned at each 8 

of these sites. DFT calculations were performed on the adsorption structures of each 9 

combination at the three adsorption sites. And the corresponding Eb was calculated which is 10 

given by the equation (1). 11 

Eb=-(Eadsorption system-EMA2Z4
-Emetal atom) (1) 12 

where Eadsorption system , EMA2Z4
, Emetal atom  represent the energy of the adsorption system, the 13 

substrate energy, and the energy of the single metal atom, respectively. By calculating the Eb at 14 

each site, the optimal location with the strongest interaction energy is identified, offering 15 

insights into the preferred binding characteristics of the metal atoms. Furthermore, the energy 16 

calculations for single metal atoms are conducted within cells with identical lattice constants to 17 

ensure consistency. 18 

3. The step of structure screening and data collection involves the Eb at the three sites for each 19 

adsorption system. The highest Eb is used as an indicator of the metal's affinity. To maintain 20 

uniformity in Eb calculation, structures that exhibit significant structural changes upon 21 

adsorption are excluded due to inaccurate Eb. The Eb of all stable adsorption structures is then 22 

collected and used to train predictive models, thereby completing the dataset construction 23 

(Supplementary material for more details).  24 

This approach allows us to selectively perform DFT calculation on a representative subset of 25 

adsorption systems while leveraging machine learning models to predict Eb for the remaining 26 

systems. Consequently, this methodology optimizes computational efficiency and resource 27 

utilization, significantly reducing the time and cost associated with extensive DFT computations. 28 

2.2 Machine Learning Methods 29 

We explored the metallophilicity of thousands of adsorption structures by utilizing the HTW 30 
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method and constructed the training dataset. Three models, namely CGCNN, MTL-CGCNN, and 1 

Auto-ML, were individually trained. The confidence intervals, significance tests, performance 2 

variance, and uncertainty assessments for the three models were conducted, as detailed in Section 5 3 

of the Supplementary Information (SI). The trained models were used to predict Eb for the unrelaxed 4 

adsorption structures, significantly reducing the need for DFT computations and enabling the 5 

identification of promising materials with strong metallophilicity.  6 

Both CGCNN and MTL-CGCNN models were trained and compared under the same model 7 

parameters. The entire dataset was divided into training, validation, and test sets with a ratio of 7:1:2. 8 

To ensure no data leakage and prevent overestimation of model performance, we employed a 9 

composition-based splitting strategy rather than random splitting. The model configuration included 10 

64 Gaussian radial basis functions (RBF). It functions as a non-linear transformation that enriches 11 

the feature representation by embedding distance information into a higher-dimensional space. The 12 

cut-off radius is set to 8 Å (Angstrom) and the maximum number of neighbors is set to 12 to balance 13 

computational efficiency and information completeness. Both models include a 216-dimensional 14 

features as input and are trained using the Adam optimizer for 400 epochs, where an epoch refers to 15 

one complete pass through the entire training dataset. The model architecture is composed of graph 16 

information encoding, convolutional layers with batch normalization, activation functions, pooling 17 

layers, and fully connected layers which also referred to the multilayer perceptron ( Figure S1)43. In 18 

the convolutional layers, Gaussian RBF was used to represent interatomic distance which is given 19 

by the equation (2).  20 

 ( )2( ) exp ( )k k kd d  = − −  (2) 21 

where, d represents distance, and μk is the center of the Gaussian function, while βk is the width 22 

parameter. Batch normalization was employed to stabilize training by adjusting layer outputs to 23 

standard normal distributions, which is given by the equation (3). 24 
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where, 𝑥̂(𝑖) represents the input features, μβ is the batch mean, and σ𝐵
2  is the batch variance, with Ò 26 

representing a small positive number to prevent division by zero. 27 

As the comparative model for Eb prediction, we also introduced the Auto-ML model. This 28 
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model fully leverages techniques combining multiple models and hyperparameter tuning and is 1 

widely used in various regression tasks. After comparing various feature extraction methods, the 2 

feature dimension of each adsorption structure was designed to be 336-dimensional Auto-ML 3 

features. Atomic properties of each element in the material's chemical formula are used as features 4 

for material design. In each layer, atoms can be further grouped based on their distance from the 5 

adsorbed metal atom, denoted as d-metal MA2Z4. Subsequently, ensemble learning was applied to 6 

combine multiple models, and Bayesian optimization was used for hyperparameter tuning. 7 

For all the three models, the performance was evaluated based on root RMSE which is given 8 

by the equation (4) and mean absolute error (MAE) which is given by the equation (5). By 9 

employing both metrics, we achieved the comprehensive analysis of model accuracy and robustness. 10 
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where, MAE represents the average absolute difference between predicted and actual value, while 13 

RMSE highlights larger deviations by penalizing them more heavily. 14 

2.3 DFT calculation 15 

We constructed the training set with labeled Eb was constructed using the framework of DFT,44 16 

employing the Vienna Ab-initio Simulation Package (VASP)45,46 to investigate material properties. 17 

The Monkhorst-Pack scheme was used for k-point sampling, with a 12×12×1 grid for the primitive 18 

unit cell and a 4×4×1 grid for the 3×3×1 supercell, while the vacuum layer of at least 16 Å was 19 

introduced to mitigate interactions between periodic images. The Perdew-Burke-Ernzerhof (PBE) 20 

exchange-correlation functional within the GGA framework was used,47 and the plane-wave cut-off 21 

energy was set to 520 eV based on convergence tests.48,49 Van der Waals interactions were corrected 22 

using the DFT-D3 method. We use an automated energy-strain-based high-throughput framework 23 

to compute the mechanical properties of materials.50 24 

3. Result and discussion 25 

3.1 Adsorption Energy Calculation 26 

This study investigated the Eb of seven-layered MA₂Z₄ structures with eight different metal 27 



10 

 

atoms. We selected 770 metal-MA2Z4 pairs from 20736 metal-MA2Z4 pairs. Through HTW, we 1 

identified 1697 adsorption structures and analyzed the variations in Eb across different metal atoms 2 

and adsorption sites. Among them, the median Eb of different metal atoms displayed noticeable 3 

variation from approximately 2.10 eV to 5.87 eV (Figure 3a). For instance, K and Ca exhibited the 4 

highest median Eb of 5.87 eV and 5.36 eV, respectively, which suggests the stronger interaction 5 

between these atoms and the MA₂Z₄ substrate. In contrast, Zn and Mg had much lower median Eb 6 

of 2.10 eV and 3.28 eV, respectively.  7 

Adsorption energy distributions across three adsorption sites (A, B, and C) are illustrated in 8 

the violin plot (Figure 3b). It shows that the energy distribution ranges from 2.42 eV to 5.85 eV. Site 9 

C emerged as the preferred site, likely due to its stability-enhancing configuration, which minimizes 10 

direct adsorption above the outermost atomic layers. Additionally, we analyzed the distribution of 11 

adsorption structures across the sites (Figure 3c). Site A hosts 619 structures, site B contains 685 12 

structures, and site C has 714 structures. This uneven distribution suggests potential variations in 13 

site accessibility or binding strength, with site C likely being the most favorable for adsorption. 14 

These findings highlight the versatility of MA₂Z₄ materials in interacting differently with various 15 

metals and adsorption sites, underscoring their potential as promising candidates for metallic 16 

electrode applications. 17 

However, the selected adsorption structures represent only 4.2% of the entire compositional 18 

space, leaving many adsorption structures with uncalculated Eb. There remain 19865 metal-MA₂Z₄ 19 

pairs with uncalculated Eb. To efficiently explore the entire compositional space, machine learning 20 

models are crucial in predicting the Eb, thereby significantly reducing computational cost and 21 

accelerating the discovery of promising materials. 22 
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 1 

Figure 3. (a) Violin plot for the relationship between DFT calculated Eb and the 8 absorbed metal 2 

atoms. (b) Violin plot of Eb distribution by adsorption sites across all metal atoms. (c) Bar chart 3 

showing the number of converged structures at different adsorption sites.  4 

3.2 Model Training and Evaluation 5 

To predict Eb, we employed the CGCNN model to capture the adsorption behavior of metal 6 

atoms on the surface of MA₂Z₄. In this model, atoms are represented as nodes and interatomic 7 

distances as edges. The model integrates elemental properties of atoms and their local environmental 8 

information into the 216-dimensional feature space. Consistent with the approach described earlier, 9 

we selected 1,357 optimized MA₂Z₄ adsorption structures with adsorption energy labels as the 10 

training and validation sets, and 339 structures as the test set. To improve training efficiency, the 11 

batch size was set to 800 which means that in each epoch. Each batch undergoes forward and 12 

backward propagation, ensuring that the entire dataset is processed once per epoch. With careful 13 

parameter design and training, the CGCNN model demonstrated good performance in predicting 14 

adsorption energies, achieving a RMSE of 0.78 eV and a MAE of 0.47 eV, indicating generally low 15 

prediction error despite some larger deviations (Figure 4a).  16 

The MTL-CGCNN model lies in its encoding process, where tasks are defined by incorporating 17 

material system labels (e.g., MA₂Z₄ and MXene) from distinct datasets (in SI Section 3). The 18 

primary task is to predict the adsorption energies (Eb) of metal atoms on MA₂Z₄ structures, while 19 
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the auxiliary task is to predict the adsorption energy of metal atoms on MXene substrate. To further 1 

improve prediction accuracy, we incorporated 7,956 data points of MXene adsorption structures 2 

into the training and test sets, adopting a multi-task learning (MTL) strategy with dataset labeling. 3 

The inclusion of MXene data enhanced model performance in two key aspects. First, the structural 4 

and electronic similarities between MXene and MA₂Z₄ materials allowed the model to leverage 5 

shared features, enabling it to capture more complex interatomic interactions and better identify 6 

metal adsorption sites. Second, the multi-task learning framework enabled the MTL-CGCNN model 7 

to effectively utilize correlations across different adsorption systems, reducing prediction bias and 8 

improving its ability to handle extreme values. The performance comparison between the CGCNN 9 

and MTL-CGCNN models was conducted using identical hyperparameters. While the CGCNN 10 

model achieved an RMSE of 0.78 eV and an MAE of 0.47 eV, it exhibited signs of overfitting, as 11 

evidenced by the increasing ΔMAE (difference between training and validation MAE) with training 12 

epochs in Figure 4b, indicating divergence in training and validation performance. In contrast, the 13 

MTL-CGCNN model maintained a stable ΔMAE, reflecting consistent performance across training 14 

and validation sets and better generalization. Additional results are provided in SI (Section 5). 15 

 16 

Figure 4. (a) Comparison of MAE and RMSE across different models on training and validation 17 

sets. (b) MAE progression over epochs for the CGCNN model during training. (c) MAE progression 18 

over epochs for the MTL-CGCNN model during training. (d) Q-Q plot for the Auto-ML model. (e) 19 

Q-Q plot for the CGCNN model. (f) Q-Q plot for the MTL-CGCNN model. 20 

We used an Auto-ML model to predict adsorption energy (Eb) for adsorption systems as a 21 

benchmark (see Figure 4a and Table S2). We designed 336 descriptors per system, combining atomic 22 

properties like electronegativity and ionization energy with structural metrics. Due to dimensional 23 
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inconsistencies, the MXene dataset was excluded from the Auto-ML training set. Ablation 1 

experiments tested dimensions (64, 128, 192, 216, 336), with 216 dimensions being most efficient, 2 

though differences across dimensions were minimal. Using scikit-learn and Bayesian optimization, 3 

we tuned an ensemble of 623 models, selecting the top six for the final weighted ensemble predictor 4 

of Eb (in SI Section 4). The Auto-ML model achieved a MAE of 0.65 eV for Eb, showing reliable 5 

performance in predicting systems with minimal deviations. The RMSE reached 1.10 eV, suggesting 6 

that the model struggles with extreme outliers, resulting in a relatively higher overall prediction 7 

error. In contrast, the MTL-CGCNN model outperformed the Auto-ML model, reducing the RMSE 8 

by ~30% compared to the Auto-ML model, highlighting its superior performance.  9 

Analyzing MAE trends during training and validation highlights key differences in the 10 

performance of the models. The MAE trends during training for the CGCNN model (Figure 4b) and 11 

the MTL-CGCNN model (Figure 4c) reveal notable difference in their stability and generalization 12 

capabilities. The CGCNN model shows a larger gap between training and validation MAE, 13 

suggesting potential overfitting. In contrast, the MTL-CGCNN model demonstrates better 14 

generalization, with lower and more consistent MAE across training and validation sets, achieving 15 

stability in fewer epochs. The model's ability to maintain consistent performance across training and 16 

validation sets, as well as its superior handling of outliers, suggests it can make reliable predictions 17 

for new instances, including those with high adsorption energy. 18 

In regression analysis, Quantile-Quantile (Q-Q) plots were used to evaluate the normality of 19 

residuals for each model—Auto-ML (Figure 4d), CGCNN (Figure 4e), and MTL-CGCNN (Figure 20 

4f). The Q-Q plot shows the theoretical normal distribution as a red line, with blue dots indicating 21 

the observed residuals. A strong overlap between the dots and the line implies that the residuals 22 

align with a normal distribution. The theoretical quantiles are computed using the Gaussian 23 

distribution’s quantile formula (equation (6)). Comparative analysis of Q-Q plots indicates that the 24 

residuals of the MTL-CGCNN model in extreme Eb regions are closer to the normal distribution 25 

compared to the CGCNN model, especially when the theoretical quantiles are less than -1.5. Notably, 26 

in regions of high Eb, the MTL-CGCNN model's predicted energy aligned more closely with a 27 

normal distribution of residuals. This performance indicates the MTL-CGCNN model's improved 28 

ability to handle extreme value and outliers effectively. In contrast, the residuals from the Auto-ML 29 

model are more scattered, especially in the high Eb ranges, showing significant deviations. This 30 
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suggests that traditional machine learning methods, like the Auto-ML model, struggle to predict Eb 1 

in complex two-dimensional materials due to their inability to fully capture the nonlinear 2 

relationships in such data. Therefore, compared to the MTL-CGCNN model, the Auto-ML model 3 

has limitations in fitting complex data and handling outliers effectively. 4 
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where 1−   is the inverse of the cumulative distribution function (CDF) of the standard normal 6 

distribution, used to calculate the theoretical quantiles, 𝑛 is the number of samples. 7 

To validate the effectiveness of MTL-CGCNN, we benchmarked it against three state-of-the-8 

art models such as BE-CGCNN (bond-type embedding), Geo-CGCNN, (Voronoi tessellation and 9 

three-body correlations) and Crysco (transformer-based architectures). The results (Table S2) show 10 

that MTL-CGCNN outperforms the others in prediction accuracy. The training processes (in SI 11 

Figure S4 and Figure S5) demonstrate that MTL-CGCNN exhibits relatively higher training stability. 12 

Our benchmarking results show that MTL-CGCNN outperforms BE-CGCNN, Geo-CGCNN, and 13 

CrysCo in predictive accuracy and robustness for diverse MA₂Z₄ systems. Additionally, we analyzed 14 

the residual distribution of MTL-CGCNN’s predictions, which aligns closely with the sample’s 15 

residual distribution, confirming its reliability and generalization capability across varied material 16 

compositions (Figure S6). 17 

Overall, the MTL-CGCNN model exemplifies the benefits of graph-based deep learning and 18 

MTL strategy in addressing complex problems in materials science. Its higher prediction accuracy, 19 

faster convergence to training stability, reduced overfitting, and improved handling of extreme Eb 20 

underscore its potential as a powerful tool for predicting Eb and guiding future research in the field. 21 

3.3 Prediction of Strongest Metallophilicity and the Underlying Mechanism 22 

We performed comprehensive adsorption energy predictions for 62,208 MA₂Z₄ adsorption 23 

structures using the selected MTL-CGGNN model. To ensure prediction accuracy, the AutoML 24 

model was used to predict lattice constants and interlayer distances with high precision, effectively 25 

capturing the relationship between structural parameters and energy through feature extraction. The 26 

structural parameter predictions by the Auto-ML model demonstrated high accuracy 27 

(Supplementary Information Figure S2 and Table S1). 28 
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 1 

Figure 5. (a) Scatter plot comparing DFT-calculated Eb with MTL-CGCNN-predicted Eb for the top 2 

~1% of structures. (b) DFT-calculated Eb for selected MA2Z4 compounds with the strongest 3 

metallophilicity in each metal category. 4 

Based on the Auto-ML, we constructed the initial structures for the adsorption system. Then 5 

the predictions from the MTL-CGCNN model were then used to screen the Eb for various MA₂Z₄ 6 

materials. For each adsorbed metal atom, we categorized the Eb across the entire compositional 7 

space and ranked them from high to low. Higher Eb corresponds to stronger metallophilicity. For 8 

each metal, we selected the top ~1% of structures, yielding 623 adsorption structures in total. DFT 9 

validation then confirmed that 568 of these were stable. Adsorption structures with high Eb, as 10 

predicted by the MTL-CGCNN model, were highly consistent with DFT-calculated value (Figure 11 

5a). This further confirms the model's robustness and reliability in predicting complex adsorption 12 

behaviors. Among these, four substrate structures (MoAl₂N₄_alpha, MoGa₂N₄_alpha, 13 

RuAl₂N₄_alpha, and RhAl₂N₄_alpha) exhibit the strongest metallophilic property, showing the 14 

highest affinity for the adsorbed metal atoms. The phonon spectra for these four substrate structures 15 

were simulated, with no imaginary frequencies found (Supplementary Figure S5). These results 16 

demonstrate their dynamic stability. The adsorption behaviors of different metals vary across the 17 

above four different MA₂Z₄ systems (Figure 5b). For instance, Mg and Zn show high value of Eb in 18 

most systems, with MoGa₂N₄_alpha exceeding 8 eV. MoGa₂N₄_alpha and MoAl₂N₄_alpha 19 

substrates also exhibit relatively high Eb for Li, Na, and K. And Ca and Fe have similar Eb across 20 

these materials. Furthermore, we calculated the mechanical properties of materials with reliable 21 

stability and included these results in Section 7 of the Supplementary Information (SI). 22 
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 1 

Figure 6. Violin plots of adsorption energy distributions for MA₂Z₄ configurations. (a) Different 2 

inner metal M. (b) Different middle A elements. (c) Different outer Z elements. Heatmaps (d-g) 3 

present the average Eb values for different combinations of A and Z elements, with M varies across 4 

all possible metals. The numbers in the heatmaps represent the  . (d) Z = N, P, As. A = B, Al, Ga. 5 

(e) Z = N, P, As. A = C, Si, Ge. (f) Z = C, Si, Ge. A = N, P, As. (g) Z = C, Si, Ge. A = O, S, Se.  6 

To gain insights into the underlying factors influencing the metallophilicity of MA₂Z₄ materials, 7 

we statistically analyzed the median Eb distributions with respect to the M, A, and Z elements. The 8 

median Eb values are displayed above each violin plot for clarity (Figure S3). We began by analyzing 9 

the effect of M elements in the fourth period of the Periodic Table on Eb (Figure 6a). Elements like 10 
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Ru/Sr in the main group and Ag/Cd in the subgroup exhibit higher median Eb. This trend suggests 1 

that M elements with partially filled s-orbitals or nearly full d-orbitals are more likely to accept or 2 

share electrons with neighboring A atoms, leading to higher Eb. For the A elements, Eb decreases as 3 

the electronegativity of A increases (Figure 6b). Low-electronegativity A elements tend to donate 4 

electrons to Z, which strengthens the interaction between Z and the adsorbed metals. The Z elements 5 

occupy the outermost layer in the MA₂Z₄ structure and directly influence the interaction between 6 

the substrate and the adsorbed metal atoms (Figure 6c). We found that relatively higher 7 

electronegative Z elements like C lead to strong electron redistribution at the interface, resulting in 8 

high Eb. 9 

We further focus on the electronegativity difference between outer Z and middle A (Δχ = χ
A

−10 

χ
Z
), as it plays a crucial role in determining the strength of interactions with adsorbed metal atoms. 11 

We used heatmaps to present the distributions of the average Eb for different A and Z combinations 12 

(Figure 6d-g). Deeper red tones correspond to higher Eb values, while lighter blue tones indicate 13 

lower Eb. This visual representation clearly illustrating the positive correlation between Δχ and Eb. 14 

When Z = N/P/As and A = B/Al/Ga, the large difference in Δχ leads to generally high adsorption 15 

strength, with N-Ga exhibiting the highest Δχ among these combinations and the highest Eb of 4.7 16 

eV (Figure 6d). On the contrary, when A = C/Si/Ge, its higher electronegativity reduces Δχ, thereby 17 

lowering Eb (Figure 6e). Similarly, when Z = C/Si/Ge, the Δχ  values become negative, but the 18 

overall trend between Δχ and adsorption strength remains consistent (Figure 6f-g). When Z = C and 19 

A = N/P/As, the large negative Δχ corresponds to the Eb of about 3.8 eV, indicating strong adsorption. 20 

For A = O/S/Se, the magnitude of the negative Δχ  decreases, resulting in lower Eb. To further 21 

validate this trend, we fixed the M = Mn as the metal and investigated the Eb for different 22 

combinations of A and Z elements with differing Δχ Figure S4). The charge difference density maps 23 

show that systems with larger Δχ exhibit more pronounced electron accumulation and depletion at 24 

the interface, indicating stronger metal–substrate interactions. The analysis of Bader charge transfer 25 

further confirms the positive correlation between Δχ  and and Eb (Figure S10). Thermodynamic 26 

parameters (Eb) and electronic structure analyses ( Δχ ) both show that the electronegativity 27 

difference between the outer Z and middle A elements is a key factor affecting adsorption strength. 28 

Synergistically with Bader charge and charge density, consistently shaping adsorption energy across 29 

element combinations. 30 
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Our analysis revealed that the Eb of MA₂Z₄ materials is primarily determined by the Δχ 1 

between the Z and A elements. A larger Δχ  results in stronger adsorption strength due to the 2 

increased electron transfer between layers. This relationship holds true across various element 3 

combinations, providing a valuable guideline for designing MA₂Z₄ materials with optimized 4 

adsorption properties for applications in energy storage and catalysis.  5 

 6 

4. Conclusion 7 

In this study, we systematically investigated the metallophilicity of seven-layered MA₂Z₄ 8 

materials with eight different metal atoms using the HTW approach and the MTL framework. We 9 

efficiently generated 2592 MA₂Z₄ primitive cell structures and screened 62208 possible adsorption 10 

structures. From these, 2310 adsorption configurations were selected and identified 1697 stable 11 

adsorption structures for model training. We then used the trained MTL-CGCNN model to predict 12 

the Eb of 20736 metal–MA₂Z₄ pairs, which greatly reduced the computational resources for DFT 13 

calculations. The MTL-CGCNN model demonstrated superior performance, particularly in regions 14 

with high Eb, outperforming traditional Auto-ML models. From the thermodynamic and kinetic 15 

stable materials, we identified 50 candidates exhibiting exceptional mechanical properties (e.g., 16 

E_xy > 300 GPa, G_z up to 280 GPa) and high Eb (e.g., MoGa₂N₄_alpha > 8 eV). Our results indicate 17 

that the adsorption energy of MA₂Z₄ materials is primarily determined by the Δχ between the Z and 18 

A elements, where A larger Δχ leads to stronger adsorption. These results reveal the potential of 19 

MA₂Z₄ materials as versatile metallic electrodes with strong interactions, suitable for various 20 

applications. Furthermore, this study underscores the potential for extending the model to explore 21 

the properties of a broader range of two-dimensional materials, such as graphene and BN, across 22 

diverse application scenarios. 23 
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