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Highlights: 

 Deep learning accurately predicts and optimizes material properties and structures. 

 Generative models accelerate novel material discovery. 

 Natural language processing automates knowledge extraction from materials literature. 

 AI-driven structural optimization enhances material performance. 

 Hardware acceleration enhances efficiency for AI-driven materials science. 

Abstract: The ability of AI-based algorithms to reflect the physical properties of training data and 

accurately predict the properties of undeveloped materials has made artificial intelligence (AI) algorithms 

an important tool in the domain of materials science. Material structure design, as a multi-step and 

multi-scientific task, involves many aspects from the determination of design objectives to material selection, 

preparation methods, sample testing and performance evaluation, etc. Traditional experiment-driven, 

theory-driven and algorithm-driven approaches have accumulated a large amount of textual material text 

data. With the development of technology, the data-driven approach of “Big Data+AI” has accelerated 

the development of material structure design, and in particular, deep learning (DL) as a branch of 

machine learning has become the fastest growing topic in materials science because of its powerful 

capabilities to analyze unstructured data and automatically identify features. In this paper, we focus on 

the common deep learning methods in materials research, and then review the material property 

prediction, material structure optimization, material discovery and information extraction from materials 
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literature in the context of deep learning-based material structure design. At the same time, we introduce 

the hardware acceleration technologies based on deep learning. Finally, the summary and future 

directions of deep learning in future materials research are discussed. 

Keywords: artificial intelligence; hardware acceleration; material structure design; machine learning; 

deep learning; data-driven 

1. Introduction 

In the past two decades, the research on materials has been rapidly developed, experimental analysis 

methods and theory-based algorithm methods have been widely used in material design. However, 

traditional experimental analysis methods such as trial-and-error methods [1] have problems such as 

tedious experimental process, long development cycle and insufficient measurement accuracy. 

Traditional theory-driven approaches, such as the first-principles theoretical calculation [2], form the 

foundation of computational materials science. However, their application in exploring vast material 

spaces typically necessitates a large number of discrete computational tests, which incurs prohibitive 

time and resource costs. With the emergence of large-scale material systems and the demand for 

materials with higher performance, these approaches face limitations in solving complex problems like 

property prediction. They struggle to fully account for the simultaneous influence of multiple factors, 

making it difficult to excavate the internal relationship between material characteristics and properties, 

which hinders the actual development of material structures [3]. The field has progressed by leveraging 

a suite of computational simulation methods, with theory-driven approaches as its core, which include 

finite element analysis (FEA) [4], density functional theory [5], molecular dynamics (MD) [6] and phase 

field method [7], etc. Based on theoretical calculation and simulation, promising candidate materials can 

be predicted, the experimental scope can be narrowed, and finally verified by experiment. It can greatly 

improve the research efficiency of materials science, but there is still a problem that the computational 

cost is too high when facing larger and more complex systems and space and time scales, and the 

computational simulation method cannot meet the requirements of quantitative characterization of 

material properties. Therefore, it is necessary to develop new methods to guide the design and 

development of materials. 

Materials research and development has accumulated a large amount of data after three stages of 

experiment-driven, theory-driven and algorithm-driven approaches in the early stage. Data-driven, 

powered by machine learning techniques and large-scale datasets, marked by “big data+AI”, has become 

the fourth paradigm for the development of materials science [8]. The proposal of the fourth paradigm 

has opened a new data-driven research model in the field of materials science. Machine learning (ML) 

based on material database extracts hidden variables between data, builds a model of specific material 

properties, guides the design of material structures, and reduces the research and development cycle of 

materials. With the progress of computing power, deep learning provides novel insights and tools for the 

production and processing of massive data, and has become a cutting-edge direction and hot spot in 

materials research. 

Based on this, this paper reviews the application of deep learning in material structure design and 

hardware acceleration technology based on deep learning. It has been shown that deep learning 

outperforms traditional computational methods in studying materials with multi-dimensional geometric 
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structure, complex internal structure and multi-type and multi-scale defects [9]. Based on this, the 

proposed applications in this paper are mainly based on the dielectric loss of polycrystalline materials 

over a wide frequency and temperature range, the mechanical properties of composite materials, the 

service life of alloy materials, the large-scale screening and optimization of porous materials, and the 

thermoelectric properties of inorganic materials. 

The chapters of this paper are arranged as follows: The second section introduces the basic concepts 

of machine learning. Section 3 focuses on deep learning architectures applied to materials, including 

convolutional neural networks, graph neural networks, recurrent neural networks, Transformer, and 

generative models. The fourth section introduces the application of deep learning in material structure 

design, including (1) material performance prediction, which aims to provide the basis for material 

structure design. At the same time, the performance of the designed structure in practical application 

can be tested and evaluated and fed back into the performance prediction model to further optimize the 

prediction algorithm and improve the accuracy of structural design; (2) Material structure optimization, 

which aims to improve the material structure to meet specific performance requirements. In the design 

process, the optimization algorithm can help to find the best material structure, and the designed 

structure is improved through the iterative optimization process, and the optimization results guide the 

new structure design. (3) Material discovery, which aims to reveal new material structures, discover 

new material properties, and promote the development of the field of materials science; (4) Information 

extraction in material texts aims to extract and integrate knowledge related to material structure from a 

large number of literatures and reports, provide data support for material structure design, and assist in 

verifying the rationality of material structure design. The fifth section introduces the hardware 

acceleration technology based on deep learning. Section 6 discusses the summary and future directions 

of deep learning in future materials research. Commonly used artificial intelligence methods in the field 

of materials science, as well as the relationships between various learning methods, are illustrated in 

Figure 1. 

 Artificial Intelligence(AI)

 Machine Learning(ML)

Supervised Learning(SL)

Unsupervised Learning(UL)

Reinforcement Learning(RL)

Deep Learning(DL)
classification: logistic regression, SVM, 

decision tree, ...

regression: LASSO, GPR, GBR, decision 

tree regression, ...

clustering: K-means, hierarchical 

clustering, DBSCAN, spectral clustering, ...

dimensionality reduction: PCA, FA, LDA, 

t-SNE, VAE, ...

Sarsa, Q-Learning, policy gradients, deep Q 

network

Convolutional Neural Network(CNN)

Graph Neural Network(GNN): 

RecGNN, ConvGNN, GAE, STNN, ...

Recurrent Neural Network(RNN):Bi-

RNN, LSTM, GRU, ...

Transformer: GPT, BERT, ...

Generative Model: variational auto-

encoder, generated adversarial network

 

Figure 1. The commonly used artificial intelligence methods in materials science and the 

relationships between AI, ML and DL, as well as among various learning approaches. 
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2. Machine learning 

Machine learning has become a pivotal tool in materials science, enabling the discovery of complex 

patterns within high-dimensional data that are often intractable for traditional theoretical or experimental 

methods. The application of ML in materials science typically falls into three paradigms, each suited to 

different data types and design objectives. 

2.1. Supervised learning 

Supervised learning (SL) is extensively used for establishing mappings between material descriptors and 

target properties. Based on the type of target variable, it can be divided into classification and regression. 

The classification algorithm aims to predict the class of a samples (e.g., whether fission occurs), and the 

target variable is discrete. Typical classification algorithms include logistic regression, support vector 

machine (SVM) and decision tree. 

The regression task predicts the real output corresponding to the sample (e.g., temperature, 

pressure), and its target variable is continuous. The regression algorithm includes least absolute 

shrinkage and selection operator (LASSO) [10], Gaussian process regression (GPR) [11], gradient 

boosting regression (GBR) [12] and decision tree regression [13]. For example, Chandran et al. [14] 

adopted LASSO algorithm to predicted the energies of different configurations; Khatavkar et al. [15] 

adopted GPR algorithm to establish the relationship between vickers hardness, microstructure and 

composition parameters. 

2.2. Unsupervised learning 

Unsupervised learning (UL) extracts information and finds hidden patterns from unlabeled data. A 

common approach is clustering, which groups data points with similar characteristics. UL is valuable 

for extracting knowledge from unlabeled data, which is abundant in materials science. It is primarily 

used for clustering and dimensionality reduction. 

Clustering algorithms such as K-means [16], hierarchical clustering [17], DBSCAN [18], spectral 

clustering [19], which group similar material structures or compositions, aiding in the identification of new 

material phases. Dimensionality reduction methods such as principal component analysis (PCA) [20], 

factor analysis (FA) [21], linear discriminant analysis (LDA) [22], t-distributed stochastic neighbor 

embedding (t-SNE) [23], variational auto-encoder (VAE) [24], which help visualize high-dimensional 

material data in lower-dimensional spaces, revealing underlying patterns and correlations in complex 

datasets like phase mappings or spectroscopic data. 

2.3. Reinforcement learning 

Reinforcement learning (RL) refers to a class of problems that constantly learn from interactions and 

methods to solve such problems. 

The objects of interaction include agent and environment. Agents are used to perceive external states 

and feedback reward, and make learning and decisions. The environment is all the things outside the 

agent, and is affected by the agent’s actions to change its state, and feedback to the agent the 

corresponding reward. In materials science, RL has shown promise in guiding multi-step processes such 
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as experimental synthesis and structural optimization. Common reinforcement learning methods include 

sarsa [25], Q-Learning [26], policy gradients [27], deep Q network [28]. 

3. Brief introduction to deep learning 

3.1. Convolutional neural network 

Convolutional neural network (CNN) [29] is a deep learning model that processes data with a grid-like 

structure. For example, such as material microstructure images from microscopy (SEM, TEM) or 

voxelized 3D atomic structures. CNN is mainly composed of convolutional layer, pooling layer and fully 

connected layer. The convolutional layer consists of multiple feature maps. Each feature map consists of 

multiple neurons. Different input features can be extracted by depthwise convolution, group convolution, 

transposed convolution and other convolution operations. The features are down sampled through maximum 

pooling, mean pooling, and random pooling, and the resolution of Feature Map is reduced to obtain 

spatially invariant features. In materials science, the standard convolutional, pooling, and fully-connected 

layers are often adapted to capture physically relevant features. Convolutional neural networks perform 

well in many applications. In material structure design, CNN can be used to identify and classify the 

microstructure of materials, predict the properties of materials, and enable reverse engineering of materials. 

3.2. Graph neural network 

The CNNs mentioned above are often used to extract features from Euclidean data, and the core 

assumption of such deep learning algorithms is that the data samples are independent of each other. 

However, in real life data, such as social networks, image fragments, word vectors, recommendation 

systems, and atomic/molecular structures, are often non-Euclidean, so graph-based data structures 

become particularly important. 

A graph can be represented by 𝐺 = (𝑉, 𝐸), where 𝑉 is a set of vertices or nodes and 𝐸 is a set of 

edges, i.e. if there are nodes in the graph 𝑣𝑖, 𝑣𝑗 ∈ 𝑉，𝑒𝑖𝑗 = (𝑣𝑖, 𝑣𝑗) ∈ 𝐸 represents an edge from 𝑣𝑖 to 𝑣𝑗. 

𝑁(𝑣) = {𝑉|(𝑣, 𝑢) ∈ 𝐸} indicates the neighborhood of node 𝑣. For a graph, each data sample in the 

graph will have edges related to other real data samples in the graph, and this information can be used 

to capture the interdependencies between the samples. The adjacency matrix A is an n × n matrix, if 

𝑒𝑖𝑗 ∈ 𝐸 then 𝐴𝑖𝑗 = 1; If 𝑒𝑖𝑗 ∉ 𝐸, then 𝐴𝑖𝑗 = 0. The node attribute 𝑋𝑙 of the graph, where 𝑋 ∈ 𝑅𝑛×𝑑 is 

a node eigenmatrix and 𝑥𝑣 ∈ 𝑅𝑑 represents the eigenvector of node v; The edge property 𝑋𝑒of the 

graph, where 𝑋𝑒 ∈ 𝑅𝑚×𝑐 is the edge eigenmatrix and 𝑥𝑣,𝑢
𝑒 ∈ 𝑅𝑐 represents the eigenvector of the 

edge (v, u). 

Existing studies have divided graph neural network (GNN) [30] into four categories: recurrent graph neural 

network (RecGNN) [31], convolutional graph network (ConvGNN) [32], graph auto-encoder (GAE) [33] and 

spatial-temporal neural network (STNN) [34]. GNN inputs graph structure and node information and 

determines the output according to different tasks. RecGNN and ConvGNN can extract high-level node 

representations via information propagation or graph convolution. Using the multilayer perceptron (MLP) 

or softmax layer as the output layer, GNN is able to perform classification or regression tasks in an 

end-to-end method; Using the hidden representation of two nodes, similarity functions or neural 

networks can be utilized for edge classification or prediction tasks; By combining GNN with pooling 
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and readout operations, graph representations can be obtained and graph classification tasks can be 

realized. At present, GNN has been used to predict the properties of various materials based on structural 

information. The value and challenges of GNNs in materials science coexist. Their strength lies in the native 

ability to process atom-bond graph structures, directly capturing key interactions to correlate with material 

properties. The challenges, however, center on adapting models to satisfy three core domain-specific 

characteristics: crystal periodicity, physical symmetries, and complex many-body interactions. This has 

shifted the research focus toward deeply embedding such domain knowledge into model architectures, 

driving the development of more accurate and reliable next-generation methods. 

3.3. Recurrent neural network 

Recurrent neural network (RNN) [35] is mainly used for tasks that require processing sequence 

information, such as time series prediction, task-based conversations, etc., which can take into account 

the order and context information about each word and produce an output of arbitrary length. Because 

the hidden layer of the RNN is cyclic, that is, the output value of the next moment of the RNN is affected 

by the input value of the previous moment, the nodes between the hidden layers are connected. This 

structure allows RNNs to store, remember, and process complex signals from the long past. RNNs can 

map the input sequence to the output sequence at the current time step and predict the output at the next 

time step. 

The traditional RNN model has the problem of gradient exploding and gradient vanishing, which 

leads to the accumulation of errors and the difficulty of gradient transmission in long sequence, and 

cannot save remote context information. Generally, a threshold is set to intercept the gradient exceeding 

the threshold to solve the gradient explosion problem, and RNNs with other structures are used to solve 

the problem of gradient disappearance, such as bidirectional recurrent neural network (Bi-RNN) [36], 

which calculates from the forward and reverse directions, and simultaneously learns the information of the 

previous moment and the following moment. Long short-term memory networks (LTSM) use gated units 

and memory mechanisms to alleviate long-term dependence. Further, the gated recurrent unit (GRU) is 

improved on the basis of LSTM. The GRU uses the update gate to control how much information can 

be brought into the current state from the previous state, and uses the reset gate to control how much 

information can be written into the current state from the previous state. At present, LSTM has been 

successfully applied to various named entity recognition tasks in the field of materials. 

3.4. Transformer 

Transformer [37] is an encoder-decoder architecture model based on self-attention mechanism, which 

mainly includes attention layer, feedforward network (FFN), residual connection and LayerNorm, 

positional encoding.  

Inspired by Transformer, some researchers have focused on sequencer-to-sequence models based on 

Transformer architecture. The pre-trained language model generative pre-trained transformer (GPT) [38] 

proposed by OpenAI team adopts Transformer-based Decoder structure to learn text representations 

through large-scale unsupervised learning. It provides pre-trained language model for various natural 

language processing tasks. The BERT [39] model proposed by Google in 2018, which is a bidirectional 

encoder representation from Transformers, the attention mechanism makes the model allow 
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simultaneous access to all previous words without the need for an explicit time step. This mechanism 

facilitates parallelization and also better preserves long-term context. natural language processing (NLP) 

methods in the field of materials have been applied to information extraction and search, synthetic prediction, 

and material discovery. Over the past few years, deep learning methods based on the Transformer model 

have been used to extract various categories of information from materials science texts. 

3.5. Generative model 

Generative model refers to a series of models used to randomly generate observable data, a capability 

directly leveraged for the inverse design of novel material structures. Specifically, in a continuous or 

discrete high level space χ, where a random vector Χ follows the data distribution 𝑝𝑟(𝑥), 𝑥 ∈ Χ, the 

generating model uses the existing sample 𝑥1, 𝑥2, … , 𝑥𝑁  of known material configurations to learn 

parameterized model 𝑝𝜃(𝑥) to approximate the unknown distribution 𝑝𝑟(𝑥), and the generated sample 

using model 𝑝𝜃(𝑥) can approximate the real sample, effectively producing new candidate materials 

with targeted properties. 

With the wide application of deep learning, a complex distribution 𝑝𝑟(𝑥) can be modeled by using 

the ability of deep neural network to approximate any function. Deep generation models integrate neural 

networks with probabilistic graphical models to approximate complex probability distributions, such as 

those governing material microstructures or molecular geometries. Currently, the commonly used deep 

generation models include VAE [40] and Generative Adversarial Network [41]. 

3.5.1. Variational auto-encoder 

Variational auto-encoders are designed to use neural networks to model two conditional probability density 

functions, the inference network and the generation network, respectively. Variational auto-encoders can 

effectively solve the problem that the posterior distribution is difficult to estimate in probabilistic models 

with hidden variables. While VAE was usually applied to image generation problems, Kim et al. [42] 

used VAE to generate a continuous microstructure space based on synthetic microstructural images. 

3.5.2. Generative adversarial network 

The generated adversarial network (GAN) is learned by means of adversarial training, aiming to make 

the samples generated by the generator network conform to the real data distribution. 

In GANs, there are two networks engaged in adversarial training. One is the discriminator network, 

the network that has the goal of accurately distinguishing whether a sample originates from real data or 

is produced by the generator network; The other is the generator network, which aims to generate as 

many samples as possible that the discriminator network cannot distinguish from the source. These two 

networks with opposing objectives are continuously alternating training until the discriminator network 

cannot determine the source of a sample, indicating that the generator network can produce samples that 

conform to the real data distribution. 

The generative adversarial network breaks through the limitation that previous probabilistic models must 

learn parameters through maximum likelihood estimation. In the specific application of generative 

adversarial networks, Dan et al. [43] proposed MatGAN to inverse design inorganic materials. Long et al. [44] 

focused on generate multi-component crystal structures and proposed the CCDCGAN, the energy 
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required for their formation can be optimized within the latent space by utilizing reversible crystal 

images that offer a continuous representation. 

4. Application around the design of material structure 

4.1. Material property prediction 

Material performance prediction can provide performance targets and optimization guidance for material 

structure design. Compared with traditional methods such as finite element method, deep learning can 

predict material properties more accurately [45−48], accelerate research process and reduce research costs. 

Deep learning models such as CNN-based and ConvLSTM-based architectures, as illustrated in Figure 2, 

have been utilized to predict a wide range of properties of crystalline and molecular materials. 

Dong et al. [49] employed three different CNNs: VGG16, residual convolutional network and 

concatenate convolutional network to predict the band gap of hybrid boron-nitrogen-graphene. Firstly, 

density functional theory (DFT) calculation was used to generate bandgap values with random 

configurations, construct a dataset that include the structural information of graphene and its 

corresponding bandgap values for training a CNN model. They described the structure of graphene or 

boron nitride sheets through a two-dimensional matrix, where “0” represented carbon-carbon bond and 

“1” represented boron-carbon bond. The design of this structure and band gap-related material descriptor 

can assist CNN models in achieving more accurate predictions. Experiments show that compared with 

SVM, the predicted values of the three CNNs have strong linear correlation with the calculated values 

of DFT. In most cases, the relative error of the band gap prediction of the three CNNs for the 4 × 4 

supercell system is less than 10%, and the accuracy is greater than 80%.  

Ma et al. [50] proposed a novel CNN to predict defective graphene and extend it to molybdenum 

disulfide (Mos2). Used the chemical bond between atoms as the description unit, a three-dimensional 

structure description matrix is constructed by voxelization. The chemical structure parameter matrix 

includes the bond position matrix (BPM), bond length matrix (BLM) and bond angle matrix (BAM). By 

encoding the chemical bond information, it is possible to comprehensively describe the deviation of 

surrounding atoms from their original positions due to defects. 

The multi-layer descriptor contains key position information and can identify single vacancy (SV) and 

double vacancy (DV) defects. It contains key length and key angle information to identify stone-wales (SW) 

defects. Based on the above description, they developed a CNN model with descriptors as input samples 

to predict the formation energy of defective graphene and MoS2. The training dataset includes the data 

with the distance between the defect combination and the surrounding graphene sheet greater than 15° to 

ensure the randomness and diversity of the structure, and the second-generation data obtained by 

translation and rotation of the structure description matrix along a certain lattice axis and the different 

defect concentration graphene data conforming to the Gaussian distribution are obtained. The CNN-based 

model reduces the huge dimension brought by multi-layer descriptors through operations such as 

convolution and pooling, and finally can accurately predict the formation energy of defect MoS2 system. 

Yu et al. [51] proposed a convolutional long short-term memory model (ConvLSTM) for predicting 

crack paths in crystalline materials. First, molecular dynamics simulations of tensile tests on crystalline 

materials are performed using Lennard-Jones potentials to record crack propagation patterns at different 

crystal orientations and strain levels. Then, the molecular dynamics simulation results are converted into 
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image data as a training dataset, and the geometric matrix of the initial crack and crystal structure 

information is taken as input. The geometric features in the image are extracted through the convolution 

layer, and the LSTM layer learns the sequence relationship of crack propagation. Finally, the parameters 

of fracture mode, fracture toughness and crack length are accurately predicted. 

Similarly, Lew et al. [52] proposed a ConvLSTM-based model to predict the crystalline Lennard-Jones 

material fracture pattern. Firstly, various graphene systems were simulated by tensile tests using MD. 

The results were then converted into image-based data in order to learn spatio-temporal information 

about the crack propagation of each graphene system. The model is composed of convolutional layer, 

LSTM layer and dense layer, among which there are two 1D convolutional layer, which are composed 

of 64 filters with kernel sizes of 60 and 61 respectively, and used to extract the geometric features of 

crack slices. The LSTM layer learns the sequence relationship along crack propagation, and the dense 

layer serves as the output layer to predict crack propagation of graphene with complex sets and shapes. 

The fractional dimension of the crack path predicted by the final model is slightly lower than that of the 

MD simulation results, but the difference between the two is less than 0.1, indicating that the proposed 

model can predict the fracture path of graphene under various defects and geometric shapes. Because 

mechanical properties are not used as input to the model, and thus proved that the model can learn the 

relationship between graphene fracture behavior and mechanical properties, compared with traditional MD 

simulation methods, the proposed model alleviates the large computational costs required to deal with the 

complex combination of various defects and facilitates the design of new graphene. However, 1D 

ConvLSTM can obtain limited spatial information, which limits the predictive performance of the model. 

 
 

(a) (b) 

Figure 2. Schematic illustrations of material property prediction using deep learning models.  

(a) The prediction of bandgaps of 2D doped graphene systems using CNN-based models [49]. 

Reprinted with permission. Copyright 2019 Nature. (b) The prediction of fracture paths in 

crystalline materials using a ConvLSTM-based model [52]. Reprinted with permission. Copyright 

2021 Nature. 

To address the above problem, Yu et al. [53] introduced a 2D ConvLSTM layer to extract more 

space features. Specifically, the model was composed of a ConvLSTM layer, a pooling layer, two 

convolutional layers and a dense layer. The ConvLSTM layer is used to capture the dynamic process of 

crack propagation, max pooling is used to enhance the features of cracks and defects, and the convolution 

layer further captures the overall spatial features. In particular, compared to previous work, the geometric 

matrix was extended to the regions in front and behind the crack tip to better predict the crack growth 
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path of defective graphene. In the end, the graphene fracture path was predicted with 98% accuracy 

across different defect sets. 

In order to predict the crack path quickly and accurately while avoiding the high computational cost 

of molecular dynamics simulation, Elapolu et al. [54] proposed a model based on CNN and Bi-RNN to 

predict the crack propagation path of brittle fracture of polycrystalline graphene under tensile load. CNN 

is adopted to extract space features including grain orientation and grain boundary, and Bi-RNN is 

adopted to capture sequence features of crack location and microstructure details. 

Shishir et al. [55] proposed a deep CNN to predict Young’s modulus and fracture properties of 

polycrystalline graphene. Based on centroidal voronoi tessellation (CVT), generate polycrystalline 

graphene sheets with realistic atomic structures. For the randomness of atomic structure and grain 

boundary orientation, 10 different atomic structures were created for each grain, and more samples were 

generated through mirroring and rotation operations. Finally, a dataset with 2000 grayscale images of 

chips were generated. The stress-strain curve was obtained by MD simulation, and the average Young’s 

modulus and fracture stress were calculated by 5 different velocity seeds. The model can extract the 

average grain size, Young’s modulus and fracture stress of the polycrystalline wafer. The final 

experiment shows that the predicted error of the proposed deep CNN model is within the standard 

deviation of MD simulation. The microstructure of the polycrystalline wafer will affect the fracture stress 

and fracture mechanism of the graphene sheet, and the grain size will affect the fracture stress and 

Young’s modulus. The fracture strain is independent of grain size, eliminating the computational cost of 

traditional MD simulation methods. 

The material-performance mapping of two-dimensional materials is complex, and multiple defects 

may coexist to affect the performance of materials. Shen et al. [56] proposed a model based on CNN. 

Each convolution operation block includes a convolution layer, a batch normalization layer and a ReLU 

layer, which are used to perform convolution operations on adjacent pixels of RGB images. The encoded 

image represents the spatial information of the object, and the final fully connected layer is used to 

predict the tensile strength and Young's modulus of hexagonal boron nitride (h-BN) containing vacancy 

defects and substitution doping defects. The results show that the R2 value of the predicted Young 

modulus is 0.986 and the R2 value of the predicted tensile strength is 0.894, which proves that the 

proposed model has high prediction accuracy and is helpful to the defect engineering design of h-BN. 

Yang et al. [57] designed single-layer and multi-layer neural networks to predict the interface 

thermal resistance (R) between graphene and h-BN, in which both single-layer neural networks contain 

only one hidden layer containing 10 (ANN-10) or 20 (ANN-20) neurons; The two multi-layer neural 

networks each contain two hidden layers, each composed of 10 (DNN-10-10) or 20 (DNN-20-20) 

neurons. The training data of the model are obtained through high-throughput computing (HTC). 

Combined with the influence of system temperature, coupling strength and tensile strain, the trained 

model can predict R. The results show that neural networks perform better than machine learning models 

such as linear regression, polynomial regression, decision trees and random forests. 

The original graphene is gapless, which limits its application in graphene-based semiconductor 

devices, and the nano-level pores created in graphene can not only regulate the electronic properties of 

graphene, but also have a significant impact on the heat transport of graphene. Previous studies have shown 

that the density and spatial distribution of graphene pores affect thermal conductivity. Wan et al. [58] 

proposed to learn and predict the thermal conductivity of porous graphene based on CNN, reverse design 
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to select the structure with the lowest predicted thermal conductivity, and conduct MD simulation to 

obtain the actual thermal conductivity. The newly obtained structure and its thermal conductivity were 

added to the training data set to retrain CNN. Until the best porous graphene structure with the lowest 

thermal conductivity is found. 

Liu et al. [59] proposed a deep neural network to predict the thermal conductivity of stacked 

graphene structures under mechanical tensile action. Specifically, the model consists of an input layer, 

a hidden layer and an output layer. The hidden layer adopts CNN, and the output layer includes a fully 

connected layer and a regression layer. The training data of the model includes the grayscale image of 

the stacked graphene structure and the corresponding thermal conductivity value. In order to obtain the 

fingerprint information, the stacked graphene structure is projected onto the x-y plane and divided into 

several sub-regions, the geometric center of the sub-region is used to determine the number of graphene 

sheets in the sub-region, and then the matrix is constructed by the physical information pixel value (PIPV). 

The geometric features of graphene are captured and the final grayscale image of the graphene structure 

is presented. The corresponding thermal conductivity values were simulated by MD. The model is 

trained by minimizing the root mean square error (RMSE) between the predicted thermal conductivity 

and the true thermal conductivity. The results show that the accuracy of the proposed deep neural 

network can reach 94% when the proportion of training dataset is 12.5%. At the same time, they used 

stacked graphene and corresponding thermal conductivity obtained from MD simulations and deep 

neural network predictions to build a comprehensive database storing geometric characteristics such as 

the number of pieces, total area, and design domain size of stacked graphene, which can be used to 

search for stacked graphene structures and their corresponding thermal conductivity, helping to find 

stacked graphene structures with specific thermal conductivity. 

Gu et al. [60] used CNN to predict the mechanical properties of composite materials and designed 

a cell battery made of hard materials and soft materials, which was composed of three different cell 

combinations in terms of microstructure. The different stiffness of the cell in the x and y directions 

resulted in symmetrical and asymmetric mechanical behaviors. In order to enable the model to learn the 

characteristics of these microstructure, different cells are numbered and transformed into a matrix. 

Meanwhile, material properties are used as part of the input to train the CNN model so that it can learn 

the relationship between microstructure and mechanical properties. Further, reinforcement learning is 

used to optimize the model. Helps design compliant materials with higher performance. The normalized 

root-mean-square deviation (NRMSD) of the final model was 0.2978 and 0.4926 for the training data 

and the testing data, respectively. By 3D printing the structure predicted by CNN to be the best value 

into a homogeneous sample, the best composite material designed by the model is about 25 times harder 

than the hard material and about 40 times harder than the soft material, indicating that the proposed 

model can learn from the training data and produce a better design than the training data. 

Lrencezitnick et al. [61] adopted graph neural networks, including SchNet [62], CGCNN [63] and 

DimeNet [64]. The graph is represented by a set of vertices and edges, each vertex represents an atom, 

and the edge represents the interaction between atoms. By updating the hidden characterization of each 

atom so that the vertices can pass information to each other, this process amounts to simulating the 

interactions between atoms and can ultimately be used to predict the catalytic behavior of materials. 

Based on the open Catalyst project dataset OC20 [65], Set the S2EF Structure to Energy and Forces, 

IS2RS-Initial Structure to Relaxed Structure and IS2RE-Initial Structure to Relaxed Energy three child 
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tasks, to predict the energy of each atom’s force and structure energy (S2EF), relaxation structure (IS2RS) 

and relaxation energy (IS2RE). The proposed deep learning model is used to efficiently approximate 

quantum mechanical calculations (e.g. DFT) to find more efficient and cost-effective electrocatalysts. 

Larmuseau et al. [66] proposed a deep learning model based on CNN to extract features from scanning 

electron microscope SEM images and predict the hardness and composition of complex martensitic steel. 

Specifically, they split the data into two sets, the first consisting of 26 different four-element Fe-C-Mn-Si 

alloys with no hardness information and 34 FEG SEM images for each material. The second set of data 

consisted of 52 different quaternary Fe-C-Mn-Si alloys containing brinell hardness HBW, with 40 FEG 

SEM images for each material. First, the CNN classifier is trained using the first set of data with the aim 

of identifying different materials in the data set. Then, the trained CNN network is used to extract the 

intermediate output features of each SEM image in the second dataset, and the feature vector is reduced 

by PCA. Finally, the Gaussian process regression model is trained using the dimensionality reduction 

features to effectively predict the composition and hardness of the material, which shows that the model 

is able to capture the relationship between the microstructure information and the material properties.  

Ren et al. [67] proposed a CNN-based model to predict the tensile and yield strength (YS) of 

dual-phase (DP) steel. First, a database containing six kinds of DP steel microstructure images and 

related tensile properties were established, and then the microstructure-attribute relationship was 

constructed based on CNN. They directly took the microstructure images as model inputs to capture 

more comprehensive microstructure information and predict the tensile properties. Furthermore, the 

gradient-class activation map (GradCAM) visualization method was used to draw the thermal maps, 

which helped to find the key organizational features affecting the tensile properties. The interpretability 

of the model is improved. For YS prediction, the average absolute error value under the traditional model 

is 12.5 MPa, while the MAE based on the CNN model is only 6.8 MPa, which highlights the superiority 

of the proposed CNN model. 

Conventional methods are difficult to describe the irregular microstructure of cast alloys, resulting 

in the inaccuracy of the established microstructure-property relationship (MPR). Ma et al. [68] proposed 

a novel CNN model for predicting the impact toughness value of materials. CNN is used for image 

feature extraction. Different from traditional CNN, the proposed model selects the best feature map 

channel in the convolution layer and converts the feature map into 10 ×  10 feature units through the 

adaptive average pooling layer to retain the spatial information of the irregular tissue connectivity and 

spatial distribution of the cast metal. Finally, a fully connected layer was used to map the properties to 

the impact toughness values, and the relationship between microstructure and toughness of cast 

austenitic steel at different temperatures was established. The results show that the accuracy of the 

proposed CNN model is 0.82, which is 0.08 higher than that of VGG. The model is trained with 

stochastic gradient descent and Adam optimizer. Cross-validation shows that the error between the 

predicted value and the actual test impact toughness is only ± 2 J, indicating that the model has good 

generalization ability. In order to prove that the model can effectively capture information such as 

volume fraction, morphology and distribution of irregular ferrites, the features extracted by the proposed 

novel CNN are visualized, and the microstructure such as volume fraction, morphology and distribution 

of irregular ferrites that have the greatest impact on the impact toughness is revealed, which increases 

the interpretability of the model. 
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Heidenreich et al. [69] proposed CNN-FCNN model to predict the yield surface of porous 

media. Firstly, two parallel CNNs are used to extract the geometric features of the microstructure. 

The 100 × 100 pixel image can be compressed into a vector containing 10 features through multiple 

convolutional layers and pooling layers. Then the FCNN decoder predicts the radial coordinates of the 

yield surface according to the CNN-based encoded features and loading direction. Finally, the 

CNNFCNN model is trained by minimizing the mean square error between the predicted value and the 

true value, so as to learn the relationship between the microstructure and the yield surface. Furthermore, 

the CNN-FCNN model can not only process two-dimensional information similar to grayscale images, but 

also process three-dimensional geometric information including multi-layer images from three-dimensional 

microscopic structures. Tasks, datasets, models, and metrics for deep learning in material property 

prediction are summarized in Table 1. 

While deep learning models have demonstrated remarkable accuracy in predicting material 

properties, their black-box nature often hinders the extraction of actionable scientific insights. To address 

this limitation, explainable AI (XAI) techniques are increasingly being integrated into the workflow. For 

instance, gradient-based visualization methods such as Grad-CAM have been employed to identify 

critical microstructural regions that govern mechanical properties in dual-phase steels [67]. Similarly, 

adaptive feature map analysis has elucidated how the morphology and distribution of irregular ferrite 

phases impact the fracture toughness of cast alloys [68]. By providing a window into the model’s 

decision-making process, XAI not only enhances the trustworthiness of the predictions but also 

facilitates a reverse mapping from target properties back to fundamental structural design principles. 

This transforms data-driven models from mere predictive tools into powerful engines for hypothesis 

generation and scientific discovery. 

Table 1. Deep learning for material property prediction: tasks, datasets, models and metrics. 

Tasks Datasets SOTA Models Metrics 

bandgap predict [49] DFT calculation CNN MAE, 𝑅2 

mechanical property 

prediction [51−56,60,66−69] 

DFT calculation, 

MD simulations, 
Finite Element Analysis, 

Aachen-Heerlen annotated steel 

microstructure dataset 

ANN, CNN, RNN 
𝑅2, NRMSD, Binary 
Cross-Entropy, 

Accuracy 

thermal conductivity 

prediction [57,58] 
MD simulations ANN, DNN, CNN RMSE, Accuracy 

energy prediction [50,61] 
Open Catalyst Project OC20,  

DFT calculation 
CNN, GNN MAE, EFwT 

4.2. Material structure optimization 

Material optimization task refers to the process of improving material performance, reducing cost and 

improving reliability by adjusting the microstructure or macrostructure of materials. Deep learning 

can assist the optimal design of material structures. By learning the relationship between material 

structures and properties, design parameters can be automatically adjusted to achieve the optimal 

performance indicators. However, the core challenge in inverse design lies in navigating the massive 

material design space and resolving multi-objective optimization conflicts, where generative models 

offer distinct advantages. 
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In a topological optimization problem, the goal is to determine the optimal material distribution that 

produces the desired properties. Abueidda et al. [70] proposed a CNN-based material model to predict 

the optimal design of elastic structures given a set of boundary conditions, loads, and optimization 

constraints. Three kinds of CNN models are designed for linear elastic response of materials with stress 

constraints, linear elastic response of materials without stress constraints and nonlinear elastic response 

of Neo-Hookean materials. First of all, according to the different tasks to the angle of the applied force, 

location of the applied force and volume constraint to randomization operating parameters; Then, use 

ABAQUS or MATLAB for finite element analysis to create parameter optimization problems and find 

the corresponding optimization design; Finally, the optimized material distribution and corresponding 

boundary condition, load and volume constraint are used as datasets to train the CNN model and predict 

the optimal material distribution. In order to prove the validity of the proposed model, experiments were 

carried out on the test set, and the results showed that the dice similarity coefficient (DSC) value was 

0.958, that is, the results of the actual optimal design and the predicted optimal design were almost the 

same, which indicated that the proposed CNN model could accurately predict the optimal design. 

Compared to traditional finite element methods that require iterative simulations, this deep learning 

approach achieves a favorable trade-off by reducing computational cost from hours to minutes while 

maintaining high accuracy, with a DSC exceeding 0.95. 

The goal of parameter optimization is to find a set of optimal parameter values, so that the designed 

system or model can achieve the predetermined performance goal under the premise of satisfying all 

constraints. These performance goals can be to maximize some performance indicator (e.g. maximum 

bulk modulus, maximum shear modulus, etc.) or to minimize some undesired indicator (e.g. minimum 

Poisson’s ratio). Kollmann et al. [71] proposed a deep learning model based on CNN for predicting 

optimal 2D metamaterial structure design. Firstly, the data required for model training is generated by 

solving a large number of inverse homogenization boundary value problems. Then, three parameters of 

filter radius, design constraint and design target are set to optimize CNN. Ultimately, optimal 

metamaterial designs that predict maximized bulk modulus, maximized shear modulus, or minimized 

Poisson’s ratio are achieved. The experimental results show that the mean square error and mean DSC 

on the test set are 0.00794 and 0.970 respectively, which proves that the model performs well on the 

unseen data. At the same time, through the case analysis, comparing the actual image and the predicted 

image, it is found that the similarity between them is high. Generative models like VAEs and GANs 

fundamentally address the massive design space challenge by learning compact latent representations, 

enabling efficient sampling of novel structures rather than exhaustive search. For multi-objective conflicts, 

they can incorporate weighted loss functions or conditional inputs to balance competing properties. 

4.3. Material discovery 

The aim of material discovery is to find new materials suitable for specific purposes and provide new 

material basis and research direction for material structure design. Previous studies have experimentally 

synthesized and characterized material structure or function, and finding molecular structures that meet 

multiple target conditions at the same time requires a lot of labor and time costs, so the use of AI 

algorithms with prior learning to infer the desired molecules can help accelerate the material discovery 

process, the specific example is shown in Figure 3. Generative models are particularly valuable for 



ELSP Review 

15 

addressing the inverse design challenge in material discovery, where the goal is to identify structures 

satisfying multiple target properties within vast chemical spaces. 

In recent years, researchers have tried to learn the structure of molecules in neural networks. To 

apply neural network to molecular structure, it needs to be transformed into structured data. For the 

graph-like structure composed of atoms and connecting bonds such as crystal inorganic materials and 

organic molecules, the graph representation method is difficult to capture the symmetry and long-distance 

dependence of molecular structure, and the data in sequence form is easier to process. Currently, there 

are studies on the representation of molecular structure in sequence form. At the same time, natural 

language processing model has been widely used in molecular sequence generation. SMILES has been 

used to convert molecular diagrams into string representations and then generate new molecules using 

RNN-based methods. For example, Amabilino [72] and Kotsias [73] use RNN-based models, input 

selected molecular descriptors as conditions, and output new molecular structures matching the 

conditions. The disadvantage of the above model is that it is difficult to generate molecules that satisfy 

multiple target properties. 

In order to solve the above problems, inspired by the GPT model, Rothchild et al. [74] proposed an 

organic molecule generation model C5T5 based on Transformer, which learns the semantic relationship 

between names (molecular properties) and molecular structure information through self-supervised 

method, so that molecular editing can be done according to the target in the case of zero samples. 

Improve the generalization ability of the model and can be used to optimize multiple molecular 

properties (logP, logD, PSA and refractive index); The model can choose to replace molecular fragments 

and formulate target property values, so as to achieve fine control of molecular optimization. The 

resulting molecular structures are presented in the form of IUPAC names, which contribute to the 

generation of interpretable organic molecules. Further, Fu et al. [75] trained seven models: GPT, GPT-2, 

GPT-J, GPT-NEO, RoBERTa, BART and BLMM on the data of extended formulas in ICSD, OQMD 

and Materials Projects databases. Taking full advantage of Transformer’s ability to overcome remote 

dependencies and learn the context of chemical syntax, the results demonstrate that a causal language 

model-based material Transformer can effectively generate chemically valid material combinations. 

Current research combined with VAE model to generate molecules, Kim et al. [76] proposed a 

model of generative chemical transformer (GCT), the use of the Transformer in the attention 

mechanism to identify chemical language semantics and grammar, Combined with conditional 

variational auto-encoder (CVAE), make the model to better understand the molecular geometry, 

overcome the semantics of chemical language itself is not continuity, generated at the same time satisfy 

multiple prerequisite for high performance, Moreover, a variety of high-performance molecules are 

generated under the same set of conditions to meet different requirements. VAEs address the massive 

design space challenge by learning continuous latent spaces that enable smooth interpolation and 

constrained sampling, while their conditional variants explicitly handle multi-property optimization 

through targeted sampling. 

Researchers have also used GAN to generate molecules. Although the previous SeqGAN framework [77] 

can generate high-quality sequences, it cannot guarantee that the generated sequences meet the goals of 

specific domains. Based on the SeqGAN framework, the objective-reinforced generative adversarial 

networks (ORGAN) proposed by Guimaraes et al. [78] introduces domain-specific indicators as part of 

the reward function and trains the generator through reinforcement learning. To generate samples with 
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specific properties. The model introduces a penalty mechanism to reduce the reward for repeated 

sequences, and uses Wasserstein distance as a loss function, which is conducive to the generation of 

diversified samples. GANs tackle multi-objective conflicts through adversarial training that implicitly 

learns complex property distributions, while reinforcement learning integration allows explicit 

optimization of domain-specific objectives. The principal advantage of these deep learning-based 

generative models over traditional computational methods like DFT and MD is their ability to rapidly 

propose promising candidate materials from a vast design space at a fraction of the computational cost, 

shifting the focus from exhaustive simulation to efficient, intelligent exploration. 

 

Figure 3. Schematic illustrations of material discovery using deep learning models. The RNN-based 

model on different conditions, combining physchem and fingerprint inference [73]. Reprinted with 

permission. Copyright 2020 Springer Nature. 

4.4. Information extraction in material text 

Researchers often store materials science knowledge in text form, and the explosive growth in published 

literature has made the direct analysis of documents costly. Finding literature that matches the desired 

performance of material systems has become very difficult. Due to the scarcity of high-quality labeled 

data in materials science, researchers are attempting to apply information extraction techniques from 

NLP to materials science texts. Information extraction aims to convert unstructured texts into structured 

knowledge, which holds tremendous potential in the materials science field. It can assist researchers in 

accessing and utilizing published literature more effectively, and in developing NLP tools to understand 

and process texts, as well as to construct materials corpora. Furthermore, can provide insights for tasks such 

as the discovery of new materials, structural design and synthesis. 

Currently, information extraction in the materials field typically involves the following two 

subtasks: (1) named entity recognition (NER) [79] aims to identify the unstructured text has a specific 

meaning or refer to a strong entity and its classification for the predefined entity type; (2) relation 

extraction (RE) [80] aims to extract structured knowledge from unstructured texts and identify certain 

semantic relationships between entities. 



ELSP Review 

17 

4.4.1. Named entity recognition 

The goal of the Materials NER task is to extract and identify entities such as materials, material 

properties and descriptors from materials science texts. There have been researches on extracting 

inorganic materials or material properties based on chemical NER system [81−83]. For the study of 

materials NER systems, previous research often utilized tools such as ChemDataExtractor [84], 

ChemicalTagger [85], etc., for NER. Due to the diverse forms of entity writing involved in the material 

text, entity normalization is also important in the NER task of the material text. Based on this, researchers 

created expert annotation datasets for extracting non-numerical entities such as material and attribute 

names. As shown in Figure 4 Weston et al. [86] adopted the LSTM model based on supervised machine 

learning to realize named entity recognition. The purpose is to convert the abstract unstructured text of 

inorganic material articles into structured data, and to build a material science literature information 

extraction and analysis platform MATScholar. Specifically, Bi-LSTM will be trained using 800 abstract 

data labeled in BIO format, then conditional random fields (CRF) will act as a classifier to extract 

entities, and entity normalization operations will be performed after NER model, converting material 

names to standard chemical formulas (e.g. converting “titanium dioxide” to “O2Ti”). Normalized 

synonyms of different forms of representation (e.g. converting “chemical vapor deposition” and “CVD” 

to “chemical vapor deposition”). 

  

Figure 4. LSTM network architecture for named entity recognition [86]. The word-level bi-directional 

LSTM, that takes as input a sequence of words and returns a sequence of entity tags in IOB format (left). 

The character-level LSTM. This model takes a single word such as SrTiO3 and runs a bi-directional 

LSTM over each character to encode the morphological properties of each word (right). Reprinted 

with permission. Copyright 2024 Spring Nature. 

Further, researchers have expanded the identification scope to identify numerical values as 

entities. For example, Friedrich et al. [87] published a SOF-EXP database containing 45 open 

academic papers, focusing on extracting information related to solid hydride fuel cells (SOFC). They 

proposed a novel labeling scheme that includes the type of material, the values and their units, and the 

type of equipment used in the experiment. Based on this labeling scheme, NER is implemented using 

BiLSTM-CRF and BERT. 

With the success of large language models (LLMs) on general texts, the development of domain-specific 

pre-trained language models has been further promoted [88−91], a specific example is shown in Figure 5. 
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Beltagy et al. [92] conducted unsupervised training on a large number of scientific texts based on pre-trained 

language model BERT, and the obtained SciBERT improved the performance of downstream scientific 

NLP tasks. Further, Gupta et al. [93] based on SciBERT, MatSciBERT, a material perception language 

model trained by computer science, biomedical corpus and knowledge from the material field, further 

improved the performance of entity recognition and other tasks in scientific texts. Walker et al. [94] 

proposed the MatBERT, which uses text data from materials science journals for pre-training, and can well 

realize material science term extraction and paragraph level scientific reasoning. Yamaguchi et al. [95] 

focused on the field of superconducting materials, used the SciBERTNER to automatically label 9000 

abstracts on the manually labeled SC-CoMIcs database, and created a term retrieval tool based on word 

vector similarity, which could find superconducting terms related to the query terms in the specified 

named entity category. Shetty et al. [96] took PubMedBERT as a starting point and fine-tuned on 

400,000 material science abstracts to obtain the MaterialsBERT, which could accurately and 

automatically extract the entity (POLYMER_CLASS), single unit (MONOMER) and other entities from 

a large number of polymer literatures. 

 

Figure 5. BERT-based architecture used for named entity recognition [96]. First, embedding each 

token by a BERT-based encoder. Then input the embedding vector to a single-layer neural 

network. The output of the neural network is the entity type of the input token. Reprinted with 

permission. Copyright 2023 Nature. 

4.4.2. Relation extraction 

Through the entity analysis of the relationship between material structural characteristics and properties 

described in the abstract, the key structural factors affecting material properties can be revealed and the 

scientific basis for how to optimize performance by adjusting structure can be provided. For example, 

the process-structure-property design diagram (PSPP) [97] is proposed by extracting relationships in the 

material library. The reciprocity of PSPP can be used to control the microstructure of materials by 

changing the process in the process of material design and manufacturing, and then affect the 

macroscopic properties of materials. 

Currently, RE can be divided into three categories: rule-based methods, methods based on pre-trained 

language models and graph-based methods. The idea of the rule-based method is that entities closer to each 

other are more likely to form relationships. As shown in Figure 6, Onishi et al. [98] proposed a CNN-based 
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model on weakly supervised learning to identify factor pair relationships. Specifically, 104 factor pairs and 

their binary relationships were collected from the design chart as training data. Then, the CNN is used to 

extract sentence features. Finally, outputs the probability distribution of the two relationships in each sentence 

and can determine whether there is a relationship between the two scientific concepts in the material design 

and the nature of the relationship (positive or negative correlation). The method based on the pre-trained 

language model makes use of the powerful representation ability of the pre-trained model for entities, and 

combines the relational embedding with simple operations such as sum in series to make further predictions, 

a specific example is shown in Figure 7. The PURE model proposed by Zhong et al. [99] is based on BERT. 

A special “entity marker” is inserted around the entities in the candidate relation to complete the binary 

relation extraction. Further, Tiktinsky et al. [100] made a variation on the PURE model and proposed a 

Pure-SUM model to implemented the N-ary extraction task using the method of summing embedding. 

Similarly, Mullick et al. [101] proposed a material science relation extractor MatSciRE based on the 

encoder-decoder framework of pointer networks, aiming to extract triplet containing entities and relations 

from the scientific texts related to battery materials. For example, the sentence “The energy density based 

on AC and nanowire Na0.35 MnO2 is 42.6 Wh·kg−1 at a power density of 129.8 Wh·kg−1.”, There are entity 

“Na0.35 MnO2” and “42.6 Wh·kg−1”, and their corresponding relationship is “Energy”, MatSciRE can 

extraction triples (Na0.35 MnO2, Energy, 42.6 Wh·kg−1). The graph-based method can also well realize the 

N-ary extraction task. 

 

Figure 6. The rule-based method to implement relation extraction using a CNN-based model 

architecture [98]. The model consists of convolutional layers, max pooling, and two fully 

connected layers, ultimately obtaining a binary probability distribution through the sigmoid 

function. Reprinted with permission. Copyright 2018 Physical Sciences. 

With the development of large language models, LLM-based models have been applied to relation 

extraction. As shown in Figure 8, Cheung et al. [102] randomly selected a subset of samples from the 

training dataset as a few shot instance and sent them to GPT-3.5-turbo and GPT-4 as direct prompts, 

further improving the performance of relational extraction tasks. 
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Figure 7. A method based on the pre-trained language model to implement relation extraction. 

Mullick et al. [101] proposed encoder-decoder based pointer network model, to jointly extract 

entities and relations from material science articles as a triplet (entity1, relation, entity2) in battery 

materials datasets. Reprinted with permission. Copyright 2024 Elsevier. 

 

Figure 8. Model architecture for named entity recognition (left) and N-ary relation extraction 

(right) [102]. This architecture can study the performance of LLM including GPT-3.5 and GPT-4 

on NER and RE. Reprinted with permission. Copyright 2024 ACL. 

5. Hardware acceleration based on deep learning 

Deep learning has been applied in fields including materials and medicine, and designing high-performance, 

low-power, and low latency deep learning hardware accelerators has become a hot topic in the field of 

architecture, with convolution operations being the focus of deep learning acceleration. 

There are already many hardware platforms that can accelerate deep learning, and CPU, as the most 

widely used general-purpose processor, can balance general-purpose performance while accelerating 

computation; graphics processing units (GPUs) have parallel computing capabilities and high 

computational efficiency, making them the preferred choice for deep learning. Coates et al. [103] 

implemented scalable robot object detection learning based on GPU hardware, which is 90 times faster 

than previous optimal software versions and can be trained on millions of instances. The current GPU 

achieves the operation of large-scale deep learning models by increasing the number of parallel 
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processing channels and expanding the number of computing units, but there are still significant resource 

and energy consumption shortcomings. 

As an embedded programmable platform, field programmable gate array (FPGA) can be directly 

programmed for hardware through hardware description language (HDL). Generally, edge computing 

hardware devices [104,105] and hardware joint optimization design [106] can be used to accelerate in-depth 

learning. However, writing HDL code for machine learning models is expensive. Open computing 

language (OpenCL) based on C/C++enables cross platform parallel programming and is compatible with 

various hardware devices. By using custom encoders (e.g. Intel FPGA SDK for OpenCL), attention can 

no longer be focused on FPGA details, reducing hardware development time and facilitating rapid 

deployment of complex programs on FPGA. An et al. [107] proposed an FPGA based CNN acceleration 

framework using OpenCL as the development language. They designed a selective shift quantization 

scheme with a differentiable threshold, which converts floating-point weights into one or two sums of 

powers of 2 and transforms all multiplication operations into shift operations, thereby improving the 

performance of the accelerator. The method of combining hardware and software acceleration based on 

FPGA is also commonly applied in cloud based deep learning models. Lyu et al. [108] proposed a 

scalable CNN architecture ChipNet, which uses FPGA to develop a reusable and efficient 3D convolution 

block for processing real-time LiDAR data. Zheng et al. [109] designed a fast and low-power FPGA 

accelerator O-Pointnet, which optimized the nonlinear implementation, multi-layer sensing layer, and 

max pooling layer of PointNet. For graph convolutional networks, Jamali et al. [110] designed a set of 

independent modular accelerators based on LOP computation graph isolation, which enables the 

constructed FPGA architecture to be used for various learning models without the need to reconfigure 

structure and parameters, achieving hardware accelerated deployment of dynamic graph convolutional 

neural network DGCNN. 

In order to address the low efficiency of general accelerators, researchers have begun to focus on the 

development of efficient deep learning specific hardware. Currently, research has shown that using dedicated 

integrated circuit ASICs, such as Cambrian series [111], Eyeriss [112], TPU series accelerators [113], etc., 

can achieve higher energy efficiency than CPU/GPU/FPGA when processing deep learning networks. 

Farabet et al. [114] used a layered approach, combining shallow convolutional computing accelerators 

and neural network acceleration chips, to achieve high-precision computing. Through the compiler 

LuaFlow, the trained convolutional neural network model was compiled into machine code that runs on 

NeuFlow and can be deployed on FPGA or generated into ASIC for tasks such as face recognition and 

scene segmentation. Furthermore, Pham et al. [115] evaluated the FPGA implemented NeuFlow using 

IBM’s 45 nm SOI process library and concluded that if NeuFlow is implemented using ASIC, its 

performance to power ratio will reach 490 GOPs/W, far greater than the 14.7 GOPs/W achieved by 

FPGA and the 1.8 GOPs/W achieved by GPU. 

The point cloud-based neural network processing unit (PNNPU) proposed by Kim et al. [116] realizes 

the deployment of PNNPU at the chip level in the cloud. It adopts PMMU, a page-based point-block memory 

management unit, combined with LLPT, which is based on linked list, to reduce the chip memory 

consumption. Layered block farthest point sampling (HFPS) and block skip ball query (BSBQ) for fast and 

efficient point processing, skip based maximum pool prediction (SMPP) for improved throughput. The 

PNNPU was manufactured under a 65 nm CMOS process and evaluated on 3D object inspection (3DOD) 

applications. The results show that it achieves a frame rate of 84.8 fps with a power consumption of 
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266.8 mW and an energy efficiency of 6.6–11.9 TOPS/W. However, ASics lack system-level 

optimization considerations when working with other general-purpose chips. 

Bio-imitative pulse neural network chip has also been concerned by the industry in recent years. 

Merolla et al. [117] proposed the pulsed neural network chip TrueNorth. They used crossbar-structured 

SRAM to build a chip containing 5.4 billion transistors with 4096 synaptic cores connected to each 

other through an on-chip network. The network integrates 1 million programmable pulsing neurons 

and 256 million configurable synapses, which are efficient in real-time operation while using very low power. 

Similarly, using “brain-inspired computing” technology to mimic biological nerve cells, Kumar et al. [118] 

introduced Zeroth’s processor, which aims to implement deep learning while being suitable for low-power 

platforms. The proposed novel neural processing unit (NPU) can realize bioheuristic learning, perceive 

the world and anticipate user needs, and share perceptions. Although biologically inspired neural 

networks are very close to real neurons, their low precision on machine learning tasks and the complexity 

of the process make it difficult for them to be used more widely in the current industry. A comparison 

of hardware acceleration platforms for deep learning is summarized in Table 2. 

Table 2. A comparison of hardware acceleration platforms for deep learning. 

Hardware Model Class Throughput/Energy 

CPU General-purpose DL Models 
Baseline Reference: provides general-purpose computation, 

balances versatility with acceleration 

GPU Large-scale DL Models 
High Throughput: 90× faster training, capable of training on 

millions of instances 

FPGA Customized & Medium-Scale Models 

Customizable Efficiency: performance gains via shift 

operations, real-time LiDAR processing, low-power point 

cloud processing 

ASIC 
Fixed-Function & High-Efficiency 

Models 

Peak Energy Efficiency: NeuFlow (ASIC): 490 GOPs/W, 

PNNPU: 6.6–11.9 TOPS/W 

Neuromorphic 

Chip 

Spiking Neural Networks &  

Bio-inspired Models  

Ultra-Low Power: real-time operation at very low power, 

designed for low-power platforms 

6. Summary and future directions 

In recent years, the emergence of deep learning has brought unprecedented opportunities to investigate 

materials, and has far outpaced the processing capacities of conventional experimental and 

computational approaches. The training datasets can be collected from material databases, experimental 

results, and simulation computations. The dataset is then used to train various deep learning models, 

establishing a mapping relationship between input features and target outputs. The trained models can 

perform property prediction, structure optimization, material discovery and information extraction. To 

a certain extent, the limitations of traditional experimental and computational methods are overcome, 

and the research efficiency of materials structure design is greatly improved. 

There have been a lot of works focused on information extraction in material texts, to build larger 

shareable material data sets, but establishing sizable, high-quality, openly accessible datasets can offer 

crucial support for deep learning research in the domain of materials. The future direction is to aggregate 

and share large data sets of materials to facilitate the training of more accurate and efficient models. 
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With the development of large language models, intuitively adding more prior knowledge and 

constraints to the model can improve the reliability and interpretability of the model. Future work could 

allow grand prediction models to fully learn prior knowledge and constraints to more accurately reflect 

patterns and features of the real world, resulting in more theoretically sound predictions. 

To realize this vision and ensure the robust application of these powerful models, it is crucial to 

address their current limitations. Despite the progress, key limitations such as inadequate uncertainty 

quantification and poor out-of-distribution (OOD) generalization remain major hurdles. Current models 

often provide overconfident predictions for novel materials outside their training domain, limiting their 

reliability in practical discovery. Future efforts must prioritize developing robust uncertainty estimates 

and embedding physical constraints to enhance model trustworthiness and generalizability across the 

vast, unexplored chemical space. 
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