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a b s t r a c t

Generative Artificial Intelligence (GAI) is attracting the increasing attention of materials community for
its excellent capability of generating required contents. With the introduction of Prompt paradigm and
reinforcement learning from human feedback (RLHF), GAI shifts from the task-specific to general pattern
gradually, enabling to tackle multiple complicated tasks involved in resolving the structure-activity re-
lationships. Here, we review the development status of GAI comprehensively and analyze pros and cons
of various generative models in the view of methodology. The applications of task-specific generative
models involving materials inverse design and data augmentation are also dissected. Taking ChatGPT as
an example, we explore the potential applications of general GAI in generating multiple materials
content, solving differential equation as well as querying materials FAQs. Furthermore, we summarize six
challenges encountered for the use of GAI in materials science and provide the corresponding solutions.
This work paves the way for providing effective and explainable materials data generation and analysis
approaches to accelerate the materials research and development.
© 2023 The Authors. Published by Elsevier B.V. on behalf of The Chinese Ceramic Society. This is an open

access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

Data-driven machine learning (ML) brought the possibility of
the “4th paradigm” of materials research and development due to
the effective ability of ML to uncover the structure-activity re-
lationships in materials data [1]. However, the paradigm shift is
hindered because of slow progress in data quality governance and
the lack of the guidance for using domain knowledge in combina-
tion with data-driven analysis, which can be summarized as three
key issues, i.e., high dimensionality of feature space vs. small
sample, model accuracy vs. usability, and ML results vs. domain
knowledge [2]. Embedding domain knowledge into models with
generative ability would resolve the above-mentioned issues and
enable such models to mine structure-activity relationships more
accurately.

Generative Artificial Intelligence (GAI), an unsupervised or
partially supervised ML framework [3], enables the input samples
to be semantically edited or disassembled through disturber of the
input distribution or generation of the distribution for fitting the
posterior distribution of the target samples. Such operations can
assist in analyzing the inherent relationship between features
while generating target samples accurately, which has been widely
employed in image and video generation, sequence modeling,
speech enhancement, etc. [4,5]. For materials science, the target
materials data can be edited through embedding physical rules and
operations (e.g., translation and rotation) into the generation pro-
cess of GAI, which has been applied to material performance pre-
diction and new material discovery [6e8]. For example,
Hoogeboom et al. [9] introduced different Euclidian groups into the
generation process of GAI, to improve quality of generated samples.
Zhao et al. [10] modified the generation process by the description
of crystal space information, to efficiently generate novel materials
with high crystal structural diversity. These studies illustrate that
GAI is conducive to the deep coupling of AI for Science (AI4Science)
[11] with materials science, thus accelerating the progress.

Nowadays, researchers tend to train complicated generative
models on large datasets, leveraging the Prompt paradigm [12] to
accomplish the few-shot learning [13] even zero-shot learning [14].
Then, through the combination of reinforcement learning from
human feedback (RLHF) and such models (e.g., ChatGPT) [15],
domain knowledge can participate in the model training process in
a highly coupled way, which drives the transfer of the paradigm
from “Fitting-Generation” to “Pretraining-Prompting-Generation”.
There have been studies that demonstrated high accuracy of the
content generation in multimodal data generation and analysis,
multi-context reasoning, and code design [16,17], which is prom-
ising for achieving realization of the general GAI. These models can
be employed to modify and generate materials data of interest
through the multimodal data generation and domain-knowledge-
embedded generation patterns, thereby breaking the barriers of
different scales, systems, and types of materials. However, the
current development of general GAI still suffers from some key
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issues, e.g., high training and maintenance costs, high-quality data
sparseness, poor domain knowledge integration, model interpret-
ability and credibility, resource sharing, security, etc.

In this paper, we review the status of GAI development sys-
tematically and summarize the cons and pros of different GAI
models and scope of their applications. Then, the studies of using
GAI for materials science are reviewed and the future applications
of GAI in materials science are discussed, aiming to aid researchers
to rapidly select the proper generative models. Following this, we
perform trails, taking ChatGPT as an example, to explore how
general GAI can solve the high-profile materials issues, e.g., novel
material data generation, the solution of differential equations and
query of materials FAQs. Finally, the challenges of the development
of GAI for materials science are analyzed and discussed in detail,
such as the requirements of high-quality data and domain knowl-
edge, the improvement of model generalization, interpretability
and credibility, usability, security, and resource cost.

The remainder of this paper is organized as follows: Section 2
summarizes the development process of various GAI models from
the perspective of specific tasks and general types and introduces
their applications in materials science. Sections 3 explores possible
applications of general GAI for dealing with the domain key issues.
The challenges of development of GAI in materials science will be
discussed in Section 4. Finally, the significant conclusions from this
review are presented in Section 5.
2. Various GAI methods and their applications to materials
science

Nowadays, researchers modify the learning algorithms ormodel
structures of GAI to fit specific domains to tackle specific tasks.
Thanks to the accumulation of big data and the abundance of
computing resources, large-scale models such as ChatGPT and GPT-
4 are proposed to improve the generalization ability to solve
various tasks, which can be regarded as the beginning of general
GAI. In this section, the development process of task-specific and
general GAI research is reviewed, especially the applications of GAI
in materials research, as shown in Fig. 1.
2.1. Generative Adversarial Network

Generative Adversarial Networks (GANs) [18] were first intro-
duced by Goodfellow et al. in 2014. As shown in Fig. 2(a), GAN is a
deep learning architecture comprised of a generator and a
discriminator. The generator creates synthetic data that mimics the
real data, while the discriminator distinguishes between real and
fake data. During the adversarial training process, the generator
and discriminator engage in a competition, wherein the generator
strives to produce more realistic data and the discriminator aims to
accurately classify whether the data is real or fake. As a generative
model, GAN is often used to generate samples for data augmenta-
tion and data pre-processing methods in deep learning, and has



Fig. 1. Development of GAI and its application in materials science. The left arrow means the research heat in computer science. The right arrow means the employment frequency
in materials science.

Y. Liu, Z. Yang, Z. Yu et al. Journal of Materiomics 9 (2023) 798e816
been widely used in image processing, biomedicine, and other
fields. However, the Vanilla GAN is immature, it still has some
limitations such as data mismatch, unstable training, and mode
collapse. To address these issues, researchers have taken various
approaches and conducted extensive analysis and research. For
instance, researchers have developed conditional GAN (CGAN) [19]
and deep convolutional GAN (DCGAN) [20] to improve model
performance by introducing additional constraints, mitigating the
800
issue of an overly unconstrained training process. To address the
issue of unstable training and mode collapse, others have proposed
alternative GAN models, including Wasserstein GAN (WGAN) [21],
WGAN with gradient penalty (WGAN-GP) [22], and CycleGAN [23].
These models optimize the loss function to improve the perfor-
mance of GAN. In addition, to adapt to tabular data, some re-
searchers proposed TableGAN [24], TabularGAN (TGAN) [25], and
conditional tabular GAN (CTGAN) [26] to tackle generating different



Fig. 2. Schematic diagram of vanilla generative models: (a) Generative adversarial network; (b) variational autoencoder; (c) diffusion model; (d) flow model.
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types of data by optimizing training schemes. Fig. 3 lists the
detailed comparison of GAN flavors.

Nowadays, GAN and its variants are employed to generate data
and reverse design in the field of materials science. In data
augmentation, GAN and TGAN are two popular tools for generating
additional training data for performance prediction models. For
example, Ma et al. [27] used GAN to expand 47 images of poly-
crystalline iron to 136, and performance of the model based on the
generated data with 35 % of the real data reached the same level of
performance as that based only on the real data, indicating that
GAN have certain potential in generating images. Marani et al. [28]
used TGAN to generate 6513 new data points based on 810 exper-
imental values to predict the compressive strength of ultra-high
performance concrete. The results demonstrated that the ML
model trained on the generated data exhibited comparable pre-
diction performance to that trained with real data, which shows
that TGAN can accurately capture the distribution of real datasets
and generate high-quality synthetic data. Yang et al. [29] proposed
a two-step data augmentation method based on GAN to enhance
the hardness prediction data of high-entropy alloys. The experi-
mental results showed that the RMSE of the ML model constructed
based on the original training set and generated data is 0.123,
which is 6.1 % less accurate than the model constructed using only
Fig. 3. Development of GA
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real data. Furthermore, GAN have been used in materials reverse
design to more efficiently sample materials space and generate
hypothetical materials. For instance, Dan et al. [30] proposed a
generative model MatGAN for data augmentation in the materials
field. Based on this model, they sampled the materials databases
ICSD, MP, and OQMD, and finally generated 2 million hypothetical
inorganic materials. Subsequently, they explored the two-
dimensional (2D) material space and used MatGAN to generate
2.65 million 2D material samples, ultimately discovering 26,489
new potential 2D materials, of which 1 485 2D materials had an
area under the curve (AUC) score greater than 0.95 and 12 2D/
layered materials were confirmed through DFT calculations [31].
These works demonstrate the potential of GAN in expanding ma-
terials reverse design space and screening large-scale inorganic
materials datasets. Kim et al. [32] directly used GAN to predict
ternary compounds containing only Mg, Mn, and O atoms, ulti-
mately discovering 23 crystal structures suitable for photo-
electrochemical anode applications. Long et al. [33] developed a
reverse design framework CCDCGAN based on DCGAN for pre-
dicting crystal structures with target properties, and successfully
generating crystal structures with low formation energy that had
not been previously reported, thus accelerating the discovery of
new phases.
N and its examples.



Y. Liu, Z. Yang, Z. Yu et al. Journal of Materiomics 9 (2023) 798e816
In summary, GAN has shown promising capability in image
generation, tabular data augmentation, and new materials discov-
ery and design. The trained GAN can better predict and optimize
the materials properties, overcoming the limitations of small
experimental datasets. Newmaterials can be generated by learning
the structure information from existing materials and further
exploring the latent space of materials. However, challenges still
exist in the application of GAN in materials science. Sometimes the
new materials generated by GAN are difficult to synthesize and
apply experimentally. In addition, due to the lack of reliable and
consistent evaluation indicators, the prediction results are some-
times inaccurate. Thus, optimizing the network architecture,
objective function, and proposing new improvement methods are
necessary to advance the application of GAN in materials science.

2.2. Variational autoencoder

The Variational Autoencoder (VAE) [34] was first introduced by
Diederik P. Kingma et al. in 2013. This model provides a concise way
of capturing the essential low-dimensional information from the
data, which can be used to generate new samples through simple
manipulation of the learned low-dimensional representations via a
decoder. VAE has emerged as a crucial method for both represen-
tation learning and generative modeling. As shown in Fig. 2(b), VAE
is composed of an encoder and a decoder. The encoder extracts the
mean and variance of the latent variables that determine its
properties from the data through a neural network. The decoder
adds Gaussian noise to the encoded information to generate new
data. Unlike traditional autoencoders [35], which only compress
the image to a point in the latent space, variational autoencoders
force the latent variables of the latent space to a standard normal
distribution. The encoder is no longer given a point but a distri-
bution, allowing the model to learn a smooth latent state repre-
sentation of the input data. This enables the model to cover unseen
samples in the input data. However, the original VAE has limita-
tions such as unsatisfactory generation effect, unsuitability for
discrete data, and an insufficient disentangling effect. In order to
solve these problems, researchers proposed various improvements,
such as VAE-GAN [36], VLAE [37], NVAE [38], etc., which enhance
the effect of model generation. Additionally, VQ-VAE [39], JointVAE
[40], VQ-VAE-2 [41], and other approaches have been developed to
adapt to discrete data. Lastly, a variety of methods have been sug-
gested to improve the model's disentangling effect, including
b-VAE [42], FactorVAE [43], and b-TCVAE [44]. Fig. 4 provides a
detailed comparison of VAE and its related improved models.

In materials science, VAE has become a promising tool to solve
material problems. The VAE-based models transform discrete ma-
terial data representation into multi-dimensional continuous var-
iables through an encoder, and then convert the multi-dimensional
continuous variables into material representation through a
decoder. Due to the distribution constraints imposed by the model
on its latent space, the latent space becomes a data distribution
rather than being discrete data points. Therefore, in terms of ma-
terial generation, new material structures can be generated by
performing simple operations on latent space distribution, to
effectively explore the compound space, which was not originally
covered. For example, G�omez-Bombarelli et al. [45] applied VAE to
the design of drug-like molecules. By using an encoder network to
convert a discrete molecular representation into a continuous
vector in the latent space, and then performing simple operations
on the latent continuous vector, such as perturbing known chem-
ical structures, or interpolating between molecules. Then the
modified vector can be converted back into a new discrete molec-
ular representation through a decoder. Finally, a predictor module
is used to predict the chemical properties of the new molecular
803
representation, thus effectively searching for candidate materials
with higher target performance. Noh et al. [46] proposed a VAE
strategy framework for the inverse design of solid-state materials,
which efficiently explores the chemical compositional space by
learning the distributions of known materials for crystal structure
prediction. This method successfully discovered high-performance
vanadium oxides that were previously identified in experiments
and generated about 20 000 hypothetical materials, generating
more than 40 new metastable high-performance vanadium oxides
with energy above hull �80 meV/atom, i.e., potentially synthesiz-
able. Additionally, due to the natural disentanglement phenome-
non exhibited by the latent space of VAEs, Sardeshmukh et al. [47]
designed a VAE model based on style loss to learn interpretable
disentangled latent representations of material microstructures,
capturing important attributes responsible for mechanical prop-
erties and generating structures with particular properties. This
approach of using latent variables to explore the connection be-
tween the microstructure and properties of materials holds
promise for devising reverse inference and is of great significance
for designing materials and products with targeted performance.
When representing compounds as vectors of components’ pro-
portions, the problem of discrete features and severe sparsity ari-
ses. The traditional VAE model used for processing continuous
image data cannot directly generate discrete data. To address this,
Oubari et al. [48] proposed Binded-VAE, a model specifically
designed for generating highly sparse discrete datasets.

The prospects of using VAEs for material design are promising,
as they have shown to be effective in generating novel materials
with desired properties. However, there are still challenges that
need to be addressed for VAEs to be fully effective in material
design. Firstly, the VAE architecture needs to be optimized for
materials data, which is different from image or text data
commonly used in VAE applications. Secondly, the objective func-
tions used to optimize the VAE should be carefully designed to
accurately reflect the desired material properties. Thirdly, VAEs
should be able to handle and generate data with high dimension-
ality, such as crystal structures, and effectively model the correla-
tions between different properties of a material. Finally, it is
important to validate the generated materials to ensure that they
both have desired properties and are stable in real-world condi-
tions. Despite these challenges, VAEs have the potential to revolu-
tionize the way materials are designed and discovered with further
advancements.

2.3. Diffusion model

The Denoising Diffusion Probabilistic Model (DDPM) [49], pro-
posed by Jonathan Ho and Pieter Abbeel in 2020, outperformed
GAN [50] in image synthesis upon its release. As a result, many
subsequent studies on image generation have shifted towards
DDPM-based research, leading to impressive results for the diffu-
sion model in various generative modeling tasks. The diffusion
model acquires the distribution of some crucial parameters through
a neural network, as illustrated in Fig. 2 (c). During the training
process, the model first performs a forward pass by gradually
adding noise to the original data. At each step, the parameters are
iterated through a Markov process until the data is transformed
into a form that can be approximately represented by pure
Gaussian noise. Following the forward process, the model then
engages in a backward pass whereby the recently acquired repre-
sentation form undergoes a gradual reduction of noise through
decoding, resulting in the generation of new data. By aiming to
achieve a greater resemblance between the new and original data,
the model's parameters are continuously optimized, leading to an
ongoing improvement in the quality of the generated content. The



Fig. 4. The development of VAE and its application examples.
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training process of diffusion models is known to provide a higher
level of stability when compared to GANs, while its ability to
generate a broad range of high-quality samples surpasses that of
VAEs. However, the original diffusion model has three main
shortcomings: slow sampling speed, poor maximum likelihood,
and weak data generalization ability. Researchers have addressed
these three shortcomings with various methods tailored to the task
at hand. For instance, to improve sampling speed, methods such as
DDIM [51], DP [52], DDSS [53], GENIE [54] and Two-step distillation
[55] have been proposed. For enhancing data generalization,
methods like LSGM [56] and D3PMs [57] have been developed. And
Improved DDPM [58], VDM [59], ScoreFlow [60] and Analytic-DPM
[61] have been put forward to strengthen the maximum likelihood.
Fig. 5 shows the details of the diffusion model and its related
modifications.

The diffusion model, with its unique network structure, requires
only one forward and corresponding inverse process training to
achieve stable training loss and excellent model performance. It can
be combined with material characteristics to generate new mate-
rials that meet the desired targets. Lim et al. [62] used the diffusion
model to generate an optimal microstructure with multi-
functionality. By conducting multi-objective optimization, the light
sensitivity and fracture toughness of the material were improved,
offering a novel approach to characterize performance-based
composite material microstructures. For proteins as macromolec-
ular compounds, Anand et al. [63] introduced a fully data-driven
diffusion model for protein structure, sequence, and rotamers,
enabling the generation of highly realistic proteins across the full
range of domains in the Protein DataBank. Schneuing et al. [64]
proposed the DiffSBDD model that respects translation, rotation,
reflection, and permutation equivariance, which is capable of
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generating multiple ligands with high binding affinity for specific
protein targets. Similarly, to design proteins of high fidelity as
regards both sequence and structure, Shi et al. [65] proposed a new
collaborative design method of protein sequence and structure
based on diffusion model, PROTSEED, which can translate protein
sequence and structure from random initialization to specific
desired state based on given prior context features.

In summary, the diffusion model has garnered increasing
attention and has been applied to material generation due to its
outstanding performance. The diffusion model, after being adapted
tomaterial properties, can generate specific materials that meet the
desired requirements, thereby exploring novel materials with
improved properties. However, compared with other generative
models, the diffusion model is still hindered by issues such as large
memory consumption and computational costs, and is not yet
mature enough in handling non-image data such as material data.
Therefore, further optimization of the diffusion model's network
architecture, objective functions, and data applicability is required
to effectively tackle material-related challenges.
2.4. Flow model

Dinh Laurent et al. [66] introduced Non-Linear Independent
Components Estimation (NICE) in 2015, which marked the birth of
flow models. Unlike other generative models that attempt to
approximate the true distribution of the data, flow models directly
solve the mapping transformation between two distributions by
manipulating the Jacobian determinant. This unique approach has
made flow models a distinct and noteworthy type of generative
model. Flow model establishes the mapping relationship between
the distribution of data representation and its latent variable
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distribution through a series of reversible transformations. Based
on this, new content can be generated by sampling from the latent
variable distribution. The structure of flowmodel is shown in Fig. 2
(d). Flow model has two characteristics. One is that it can calculate
the distribution of latent variables that determine data represen-
tation, which ensures that the generated content and training data
come from the same distribution. The second is that the entire
model is built by a series of reversible changes and the data is
converted to a priori distribution through a bijective function,
which improves the interpretability of the model. Researchers have
studied the performance improvement of flow models and pro-
posed RealNVP [67] and Glow [68] by optimizing the network
structure based on NICE. In addition, Chen et al. [69] combined
differential equations and deep learning to construct continuous
normalizing flows, thus avoiding the single-unit bottleneck prob-
lem in traditional normalizing flows. Grathwohl et al. [70] further
constructed an unbiased estimator with O(D) cost, which has been
improved in high-dimensional density estimation, image genera-
tion and variational inference. Fig. 6 shows the comparison of
classic Flow-based models. In contrast to other generative models,
the flow model only uses a reversible encoder to complete the
construction of the model, which makes the design of the model
more delicate. However, this also raises the issue of more param-
eters and increased computing cost, which is the crucial challenge
that still needs to be addressed.

Flow models are also useful in solving problems in the field of
materials science. Material data have the issue of small data size,
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which is an important factor to hinder the application of ML in
materials science. Ohno [71] applied normalizing flows to the
dataset of ionic conductivity of materials and augmented the data
by using a real-valued non-volume preserving model (RealNVP) as
the normalizing flow. This effectively solves the problem of insuf-
ficient training data in material performance prediction.

The utilization of flow models in materials science may provide
a promising avenue driving advancements in the field. However, it
is still limited by many aspects, such as model, computational, and
material structure complexity and optimal parameter setting is-
sues. In summary, the application of flow models in the field of
material application requires comprehensive consideration of ma-
terial characteristics, physical mechanisms, computational effi-
ciency, and reliability, so as to realize its full potential in materials
research.
2.5. General GAI

The advancement of big data and data representation technol-
ogies has led to the pursuit of generating human-understandable
language from input data patterns and structures, with the capa-
bility to accomplish goals across diverse environments. This aim
seeks to surpass the current language generation paradigm, which
is limited to fitting sample distributions for specific tasks. Large
language models (LLMs), with their powerful self-supervised
learning ability, have demonstrated a remarkable capacity for
“general” intelligence, enabling them to perform complex tasks and



Fig. 6. Comparison of classic Flow-based models.
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answer questions without intrinsic motivation or objectives.
Beyond its mastery of language, LLMs represented by ChatGPT
based on transformer can solve novel and difficult tasks that span
mathematics, coding, vision, medicine, law, psychology and more,
without needing any special prompting, and are seen as the pro-
totype of general GAI. Nowadays, Google proposed their own LLM
named Claude, which has impressive dialogue and task processing
skills, to compete with ChatGPT or other advanced models pro-
posed by OpenAI. Meanwhile, some Chinese companies such as
HUAWEI, Baidu, Alibaba and Tencent all proposed their own LLMs,
aiming to build industrial models and help industrialize AI large
models. Here, we take ChatGPT as an example to discuss the
development process of general GAI.

Fig. 7 illustrates the evolution of generic GAI. Initially, Genera-
tive Pre-trained Transformer (GPT) displayed its potential for task-
specific natural language generation via unsupervised pre-training
and fine-tuning on downstream tasks. It utilizes 12 transformer-
decoder layers to execute next word prediction and coherent text
generation. The purpose of fine-tuning is to adapt it to a specific
task based on pre-training. GPT-2 [72] expands the model structure
and parameters from its predecessor and trains on various datasets
beyond web text. Despite exhibiting advanced results with zero-
shot learning, it still falls under the category of task-specific GAI.
The GPT-3 [73] leverages Prompt to minimize the need for large
supervised datasets. It models the linguistic structure of text
probability, enabling the probabilistic predictions. Specifically, the
approach allows the language model to be pre-trained on a large
amount of text, enabling it to perform few-shot or zero-shot
learning and adapt to new scenarios quickly by defining a new
cue template, even with limited or no labeled data available.
Compared to “Pre-train þ Fine-tune” [74], Prompt extensively taps
into the prior knowledge of language model, allowing it to “Recall”
the information learned during the pre-training stage when
executing generation. Consequently, with appropriate prompts, the
LLMs can handle numerous downstream tasks in a completely
unsupervised manner. In materials science, Xie et al. [75] proposed
a novel NLP task called structured information inference, which
aims to address the complexities of information extraction at the
device level in material science. Then, GPT-3 was leveraged and
trained on perovskite solar cell FAIR dataset, which gained more
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than 91 % accuracy. The results show that such LLMs can obtain
acceptable performance to explore scientific knowledge and design
novel materials. However, since it is hard to update the parameters
of LLMs, such models fail to solve complicated materials tasks
effectively. Moreover, the lack of domain knowledge aggravates the
gap between model analysis results and real situation.

The advent of Reinforcement Learning from Human Feedback
(RLHF) facilitates the shift from task-specific to general GAI in the
case of InstructGPT [15]. RLHF optimizes the original problem by
converting non-differentiable objectives in language generation
task into sequential decision processes. Compared to traditional RL,
RLHF is better able to align with human preferences and learn
fluently from various types of rewards. Organizing human prefer-
ences on demand is integral to creating a true general-purpose
intelligence. By using RLHF for fine-tuning, InstructGPT can make
decisions that are consistent with human preferences, resulting in
an intelligent systemwith greater adaptability, interpretability, and
reliability. Furthermore, optimization of the fine-tuning process
improves the exploration efficiency of the model, allowing it to
achieve better performance but fewer parameters compared to
GPT-3.

ChatGPT uses the same methods as InstructGPT but with slight
difference in the data collection setup. As depicted in Fig. 7, an
initial model is first trained via supervised fine-tuning: human AI
trainers provide conversations in which they play both sidesdthe
user and an AI assistant. This new dialogue dataset is mixed with
the InstructGPT dataset and converted into a Q&A format. Then,
reward models for reinforcement learning are created by collecting
and ranking conversations between the AI trainer and the chatbot,
along with alternative responses. Finally, the model is fine-tuned
using proximal policy optimization (PPO) based on these reward
models. Several iterations of the process resulted in a conversa-
tional generative model that performed with high efficacy. In
addition to RLHF-based training techniques, the deployment of
model is also crucial. ChatGPT adopts an iterative deployment
approach to minimize the risks associated with generative models.
This includes conducting a security assessment before deployment,
executing beta testing with a small user group, and closely moni-
toring usage with retrospective reviews. For materials research,
Hong et al. [76] explored some promising application of ChatGPT



Fig. 7. Development of General GAI and the details of ChatGPT.
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(namely building structures, writing codes for specific scientific
software, and preparing data visualization scripts). The results
show that suchmodel may generate results with some errors, but it
is still promising.

Recently, GPT-4, the latest model developed by OpenAI, was
trained with an unprecedented scale of computations and data,
surprisingly achieved human-like performance across almost all
tasks and significantly outperformed its predecessors. The emer-
gence of GPT-4 signifies a “general” advancement of general GAI
based on the GPT series, encompassing the perception and gener-
ation of multimodal data such as text, images, and audio. The
807
formidable capabilities of GPT-4 in multimodal generation and
conversational interactivity offer a promising outlook for materials
science research. This breakthrough may drive the development of
novel studies, such as crystal image analysis, crystallographic in-
formation file (CIF) generation, complex differential equation
solving, and material Q&A systems, all of which could facilitate
exploration of materials structure-activity relationships and dis-
covery of new materials. Furthermore, ensuring the credibility,
usability, and security of generated content remains a critical
challenge that must be addressed for the future application of
general GAIs in materials science.
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3. Future applications of general GAI in materials science:
ChatGPT example

High-quality data is critical for materials science research,
providing valuable insights for experiments and samples for ML.
The advanced ability of general GAI to generate data, code, and
model nowoffers materials researchers a great deal of convenience.
In this section, we explore various applications of general GAI
(taking ChatGPT as an example), namely generating materials data,
solving differential equation, and querying FAQs, and analyze its
reliability and availability for materials research and discovery.
3.1. Generating materials data

Materials research generates a large amount of data containing
domain knowledge, which not only is the materials research
foundation but also providemotivation for researchers. As a general
GAI, ChatGPT has shown great capability of generating data, which
has led to broad application prospects inmaterials science research.
To this end, in this section ChatGPT is employed to generate CIFs
and experimental data, and then evaluate its reliability and avail-
ability of materials data generation.

CIF is a file format proposed by the International Union for
Crystallography (IUCr) to archive and distribute crystal structure
information of materials. Such files include chemical formulas, unit
cell parameters, space groups, atomic coordinates, position occu-
pancies, etc., and have been widely employed to report crystal
structures. Therefore, accurate CIF information is fundamental for
scientific research on materials. Here, we utilize ChatGPT to
generate CIF files for four systems of solid electrolytes i.e.,
Li0.5La0.5(TiO3), Li7La3Zr2O12, Li14ZnGe4O14 and NaZr2(PO4)3, shown
in Fig. 8. Although ChatGPT can generate the concept of full and
partial occupancy of atom sites and the generated CIF files can be
recognized by VESTA, their information is far from the required
crystal structure, which is due to the lack of domain knowledge
about crystal structures related to solid electrolytes.

To this end, we leverage Prompt to edit and improve the gen-
eration process, thus effectively modifying the generated results
guided by the domain knowledge. Taking NaZr2(PO4)3 as an
example, we provide corresponding domain knowledge e.g., rules
related to space groups and key-value pairs, to modify the gener-
ated results, as follows:

Rule 1: The space group of NaZr2(PO4)3 should be “R3C”.
Rule 2: The migration ion Na occupies three different sites,
namely Na1 sites (6b), Na2 sites (18e) and Na3 sites (36f), Zr ion
occupies 12c site and the P ion occupies the 18e site.
Rule 3: The crystal structure should be a three-dimensional
skeleton that forms a crystal structure through the vertices-
sharing of ZrO6 octahedra and PO4 tetrahedra. The sodium
ions are distributed in different interstices of the skeleton,
forming Na (1) O6 polyhedron, Na (2) O8 polyhedron and Na (3)
O5 polyhedron.

Prompted by above rules, ChatGPT gradually corrected the CIF
file. As shown in Fig. 8, Rule 1 can correct the crystal structure of
NaZr2(PO4)3 effectively. This emphasizes that spatial symmetry
reflected by the space group is critical for the crystal structure.
Moreover, owing to Rule 2, ChatGPTcan effectively modify the sites
of skeleton atoms. After modifications following Rule 1 and 2, the
crystal structure has better approximated the target structure.
Compared to the unconstrainted bond generation, Rule 3 effec-
tively prevented erroneous bonds. As the number of questions and
the application of domain knowledge increased, the CIF files
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generated by ChatGPT were progressively corrected and improved,
particularly in terms of their spatial symmetry. As ChatGPT lacks
domain knowledge about atomic arrangement, atomic number, and
atomic bonding, even after multiple adjustments and questions, it
only reduces the generation of some keys. Though the results above
suggest that such general GAI can provide feedback to the user
during the interaction process and has self-correction function,
currently ChatGPT fails to generate compliant CIF for aiding in
materials research and discovery.

Experimental data is the fundamental demand for materials
research, but as experiments and measurements are time-
consuming and labor-intensive, the materials sample size is
commonly small. To this end, the powerful data generation capa-
bility of ChatGPTappears to offer a solution. By extracting data from
published literature, ChatGPT can generate Excel and CSV files in
the corresponding format. However, the accuracy of the generated
data sets is not satisfactory. Despite outputting ionic conductivity
and activation energy values based on the search criteria, they do
not match the literature content. Furthermore, the reference titles
and provenance information are often incorrect.

In summary, at present ChatGPT often outputs incorrect data on
request, but can be used to quickly retrieve the original corre-
sponding documents, which can save researchers time in data
collection. With the introduction of GPT-4, it becomes possible to
access to more types of data, yet the accuracy of the data also needs
more experimental verification. It is believed that with the devel-
opment of general GAI, GAI models can be employed to output
higher-quality multi-modal data for researchers.

3.2. Solving differential equation

In materials science, mathematical equations are constructed to
express numerical relationships between various attributes and
performance parameters. Differential equations are widely used in
material science. For example, Chen et al. [77] used Neural ordinary
differential equations (ODEs) to simulate behavior in spintronic
devices with high precision and time efficiency. Li et al. [78]
investigated the effect of diaphragm thickness and diaphragm
surface coating on dendrite growth using a phase field model with
a non-linear partial differential equation (PDE). In this process of
construction of a suitable differential equation, domain knowledge
plays a significant role.

Naturally, it is crucial to solve these equations so that they
approximate the true values. Nowadays, mainstream simulation
software, such as ANSYS, Hyperworks, and COMSOL, have achieved
high levels of success in simulation computing. ChatGPT also owns
the powerful capability of mathematics, which can greatly reduce
computational costs while providing accurate results. To this end,
here we present validation experiments using ChatGPT to solve
differential equations as an example, to explore the potential of this
capability in materials science.

As illustrated in Fig. 9, after inputting the equation and its
relevant parameters in the dialogue box, ChatGPT performs the
necessary calculation steps and analysis. For simple differential
equations, conversion to a computer-comprehensible language is
not necessary, and ChatGPTcan automatically convert and solve the
equations. While evaluating the discrete error of the differential
equation, due to computing power constraints, ChatGPT cannot
provide a complete solution and calculation process. However, after
entering the command “Generate a visualization file of the discrete
errors,” ChatGPT generates the corresponding Python code that can
produce the required result after execution. It is also possible to
request an alternative approach to the problem for better out-
comes. In the case of more complex Partial Differential Equations
(PDEs), ChatGPT fails to produce the full solution process, indicating
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Fig. 9. Process of solving differential equations by ChatGPT.
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its low capability to PDE solution.
Since many areas of materials science involve differential

equations involving physics and chemistry knowledge, at present
the ChatGPT cannot directly support materials computations or
simulations, but its capability to understand and generate limited
computational content and programming, e.g., Python, code, which
can be used with external software, is evident.
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3.3. Querying materials FAQs

Modification of materials according to application requirements
is one of the most important tasks in materials science. Thereinto,
one of the crucial steps in material modification research is to
analyze and employ publicly available modification strategies,
which is the foundation of experiment design. However, this task
can be challenging and time-consuming as it requires researchers
to read numerous papers, reviews, and patents. Furthermore,
important publicationsmay bemissing, e.g., due to limited access to
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journals, which can result in suboptimal experimental designs or
even duplication of completed work. Therefore, if ChatGPT could be
used to query materials-science-related FAQs (Frequently Asked
Questions), such as the modification strategy of the material, it
would alleviate the effort to review the literature for researchers
and thus facilitate experiment design.

The perovskite-type solid electrolyte Li0.5La0.5(TiO3) (LLTO)
possesses stable physical and chemical properties, making it a
promising candidate for the next generation of all-solid-state
lithium-ion batteries. However, the ionic conductivity of LLTO
falls short of meeting the requirements for high charge/discharge
rates of lithium-ion batteries. Therefore, it necessary to enhance the
ionic conductivity of LLTO. Herein, we take LLTO solid electrolyte as
an example, to validate the feasibility of querying material modi-
fication strategy through ChatGPT. As shown in Fig. 10 (left),
ChatGPT collects LLTO's modification schemes from various per-
spectives, which provides reference for researchers. However,
ChatGPT fails to offer a practical solution by considering the ad-
vantages and disadvantages of each scheme and cannot provide
specific methods to determine whether we should increase or
decrease the temperature, prolong, or shorten the annealing time.
Moreover, ChatGPT responds that the ionic conductivity of LLTO can
be improved by controlling the grain size and introducing a sec-
ondary phase but not how that can be achieved. When queried how
to improve the ionic conductivity of Li0.5La0.5(TiO3) through doping,
ChatGPT not only provided several doping schemes, but also
described the mechanism of each doped ion, as shown in the right
part of Fig. 10. However, ChatGPT failed to provide advantages and
Fig. 10. Results of FAQs for ChatGPT. (Left) Question about How to improve the ionic conduct
Li0.5La0.5(TiO3) via doping.
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disadvantages of various dopants.
The results show that ChatGPT has the potential to serve as a

“document steward” for materials researchers, which can efficiently
gather relevant information from numerous literature sources.
Nevertheless, its current limitations include the inability to provide
insight into the value of retrieved information and the difficulty in
collecting important relevant details. This leads to having to
continuously ask follow-up questions. Therefore, improvements in
these areas through iterative upgrades can significantly enhance the
utility of such general GAI models for materials researchers.

The current applications of ChatGPT in materials science
demonstrate its rich knowledge base, making it suitable for
providing users with basic knowledge of materials science. The
Prompt paradigm enables users to obtain corresponding knowl-
edge and correct misconceptions, while its data processing and
code writing capabilities provide researchers with great conve-
nience. However, its limitations are also apparent, i.e., it lacks
specialized material domain knowledge and most of the answers
fail to meet the needs of material researchers. Additionally, the
availability of material text data generated by ChatGPT is limited
and often contrary to material domain knowledge. The ability of
ChatGPT to process complex data is also constrained by input
format and computing power, often leading to incomplete output
of calculation results. Despite these challenges, ChatGPT has
demonstrated impressive potential for knowledge output and data
calculation in the field of materials. Its future development is highly
anticipated.
ivity of Li0.5La0.5(TiO3); (Right) Question about How to improve the ionic conductivity of



Fig. 11. Contradiction between model learning ability and interpretability.
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4. Analysis of problems of GAI in materials science

GAI has participated in materials research and discovery widely.
The feasibility of embedding domain knowledge (e.g., fundamental
physical laws) into GAI models brings new possibilities for AI4S-
cience to drive the research and development of novel materials.
The experiments described above demonstrate that general GAIs,
such as ChatGPT, seem to be able to solve materials science prob-
lems from multiple aspects, which illustrates the potential to
change the paradigm of materials research and development.

In the past, with the increase of model scale, the interpretability
of the model greatly decreased, and its characteristics of “black
box” profoundly affected the reliability, controllability, and credi-
bility, as shown in Fig.11. In contrast, themost recent developments
in GAI revealed new behavior emerging with further model scale
increase. The latest models, such as GPT, demonstrate extraordi-
nary ability in data representation, data analysis and few-shot even
zero-shot learning, which never occurs in smaller models [79]. This
induces that people begin to consider whether and where GAI
should be utilized. To this end, Liu et al. [2,80] proposed the
framework of machine learning embedded with materials domain
knowledge, which aims to transfer “black box” to “gray box” or
even “white box” via embedding various domain knowledge into
the entire process of ML. In this way, three key issues in materials
science can be effectively reconciled and the interpretability,
credibility and robustness of ML can be greatly improved. In 2017,
we have pointed out several common problems of ML in materials
science [1], which is still applicable to current GAI in materials
science. Following this, we here discuss and analyze the problems
of the future development of GAI and its applications in materials
science, then provide possible solutions.
4.1. High-quality data and domain knowledge

Data representation affects the amount of valid information in
samples, which in turn determines the data quality [81,82]. Effi-
cient data representation for unstructured materials data facilitates
GAI to fit the characteristics of the original samples more accurately
through Gaussian distribution. Note that the paradigm from
“Fitting-Generation” is appropriate for the samples with strong
correlation between features (e.g., image, video). However, the high
complexity of the structure-activity relationship latent in materials
data makes it difficult to accurately fit the association between
descriptors (features) through Gaussian distribution. Hence, the
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generated samples leveraging the low-quality samples will amplify
the defect of the original samples and result in serious contradic-
tion with the original samples or domain knowledge. To this end,
domain knowledge can be symbolized and integrated into data
representation methods, which enables GAI models to learn basic
physical laws while retaining the effective information and elimi-
nating redundant information. Moreover, the data quality detection
method with embedded domain knowledge [83] can effectively
improve the data quality via identifying possible abnormal data in
samples and remove abnormal samples under the guidance of
materials domain knowledge. Through these approaches, GAI can
generate new samples following domain knowledge, and thus build
a virtuous circle that original and generated samples can be
merged.

On the other hand, the objectivity, authenticity, and represen-
tation pattern of domain knowledge are key issues for the appli-
cation of GAI in materials science. Embedding wrong domain
knowledge into GAI models will hinder them from mining the
structure-activity relationships latent in thematerials data. Domain
knowledge is mostly contained in scientific literature. Although
researchers have employed large-scale language models to mine
historical data or empirical knowledge from materials scientific
literature [84e87], insufficient attention is often paid to the quality
of domain knowledge. Therefore, it will be helpful for the
improvement of the domain knowledge quality to quantify the
credibility of materials scientific literature and perform the credi-
bility analysis, which can be conducive to researchers to screen out
domain knowledge with higher credibility from massive literature
according to task requirements [88].
4.2. Generalization ability

Generalization ability is a vital metric for measuring the per-
formance of AI models. The generalization ability of GAI models is
usually expressed as the distribution of generated samples
approximating the inputs with some extrapolation capability.
When a GAI model is successful, it should interpolate or even
extrapolate beyond the original training data which will be a
continuation of the original data distribution. The generated ma-
terials data should have a similar or the same structure as the
original and it should be the interpolation or extrapolation of in-
puts. For example, Ref. [33] developed a GAN-based inverse design
framework to generate distinct crystal structures and applied it to
the binary Bi-Se system. Ref. [89] proposed an approach combining
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computational chemistry and GAN to generate new catalytic sur-
faces in an extrapolative manner. It is worth noting that the
discrepancy in the generalization ability between the GAI models
focusing on specific materials and general GAI models. The former
have poor generalization ability to other types of materials yet
generate highly accurate content for the target materials while the
latter have strong generalization ability but with questionable
reliability of the generated content. Moreover, how to effectively
evaluate the generalization ability of the GAI models is an urgent
problem to be handled. Therefore, it is necessary to comprehen-
sively consider the sample quality, sample content, and GAImodels.
Embedding domain knowledge and common-sense constraints
into GAI should also be explored, as that would make outputs more
accurate, diverse, and controllable.

4.3. Interpretability and credibility

Although GAI models have the potential to revolutionize the
current paradigm of materials research and discovery, there is an
ongoing concern about the credibility and interpretability of GAI
models. Model interpretability refers to the ability of a model to
interpret the correlation between the input data and the target, as
well as the semantic representation of the feature space and the
behavior of the model during the learning process, which is widely
discussed as a key factor of credibility. This enables the model
builder or user to understand the learned features, which in turn
can inform decisions about the model's performance and how to
improve it. Therefore, how to explain and improve the interpret-
ability of generative models is an urgent problem that needs to be
addressed. Researchers [42,43,90,91] have attempted to focus on
the semantic features contained in the learned latent space and
manipulating them to explain the internal feature processing of the
model. Note that the GAI model has extremely high latent space
dimension and complex internal semantics, so how to interpret its
internal semantic features is a key problem. Therefore, in addition
to understanding the internal mechanism of the GAI models, it is
necessary to examine their generation process and understand how
it obtains the results step by step, e.g., a dynamic evaluation
mechanism can be introduced to improve the interpretability,
which will enable continuous interaction with the model and
provide self-explanatory outputs. Moreover, embedding domain
knowledge [92] into GAImodels can also be regarded as an effective
way. By these means, researchers can gain more accurate and
reliable insights from their outputs, facilitating the development of
new materials. Through such models we can also comprehend
which features (descriptors) are crucial for the model.

4.4. Usability

Usability measures the difficulty of employing GAI models to
deal with practical problems, which manifests in two aspects. 1)
Complex and unpredictable generation process requires to carefully
screen out reliable results from numerous candidate generated
data. For example, Ref. [31] leveraged GAN to generate 267489 new
potential compositions while only 92 novel materials were
confirmed by DFT formation energy calculation. Ref. [93] utilized
GAN to generate 10 million samples, where appropriate 4.1 million
samples can be obtained for downstream screening. Finally, only
506 materials were verified by phonon dispersion calculation. 2)
Though deeper GAI models have significant ability to data repre-
sentation and exploration of latent structure-activity relationships,
the optimization space of hyperparameters and the demand of
labeled data can experience an exponential surge. Therefore, in
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order to improve the usability of GAI models, it is necessary to
introduce Neural Architecture Search (NAS) to achieve the best
possible performance using limited computing resources in an
automated manner with minimal manual intervention [94,95].
Moreover, the complexity of the preparation and data labeling will
reduce the usability of the GAI model. To this end, besides
embedding physical information into generative process for
manipulating generated samples, active learning is an effective
approach to the selection of generated unlabeled samples [96],
which not only can improve the performance of candidate samples
and reduce the number of candidates enormously but also reduce
the demand of human cost via screening out high-quality unlabeled
samples.
4.5. Resource cost

While GAI models have powerful generation ability, its resource
consumption is a noteworthy problem, which includes training
costs and operating costs. Thereinto, the training cost refers to the
cost required for the model to produce a certain generation ca-
pacity, e.g., computing power requirements, equipment re-
quirements, and training time costs. The operating cost of the
model mainly considers the energy consumption required for the
model operation. The advanced generation ability of GAI models is
due to the utilization of high computing power, which enables such
models to process vast amounts of data and learn complicated
patterns. Therefore, improving the learning efficiency in a reason-
able and effective manner is key to reducing these costs. For
example, Ref. [97] proposed a standard pruning technique to
compress and optimize the GAI models without sacrificing gener-
ation quality. Ref. [98] explored the relationship between opti-
mizing the training efficiency and resource consumption of GAI
models. Furthermore, the accumulation of large amount of labeled
data requires significant time and human cost. Hence, it is impor-
tant to deal with computing resources and the efficiency of model
output also from the perspective of model compression and usage
costs, to facilitate GAI to be highly integrated with different fields
and produce new research paradigms in various fields in the future.
4.6. Security

GAI models mostly own the characteristics of “black box”, which
raises security concerns [99]. For example, attackers can exploit
generative models to create convincing fake text [98] (e.g., false
news articles, social media posts, and phishing schemes), thus
deceiving people into engaging in unlawful activities. Moreover,
GAI models are vulnerable to attack with respect to data privacy
and intellectual property, such as training data or model parame-
ters. As a result, it is essential to conduct in-depth research on se-
curity of generative models and to strengthen defense measures
against potential attacks. For example, Ref. [100] proposed defense
techniques to safeguard GAI models, considering a trade-off be-
tween the utility and security of generative models. For materials
science, the inputs of GAI models are mainly obtained from ex-
periments or computation, for which it is necessary to consider the
intellectual property rights and security. In the future, the devel-
opment of GAI will involve more content generation, including
intellectual property, therefore, how to enhance the security of GAI
models and safeguard both the generated content and internal data
of the models is an urgent issue.
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5. Conclusion

The appearance of large-scale generative models driven by
Prompt paradigm and RLHF algorithm shifts the generation para-
digm from “Fitting-Generation” to “Pretraining-Prompting-Gener-
ation”. Such models offer the hope of general GAI realization, that
can facilitate the deep fusion between AI4Science and materials
science and accelerate innovation in materials science research.
Through reviewing the status of GAI, it can be seen that in computer
science researchers improve the multi-aspect abilities of GAI
models according to specific demands through different ap-
proaches (e.g., objective function optimization, condition addiction,
etc.) and numerous improved models are proposed. The pros and
cons of various generative models are summarized, aiming to offer
a guidance to their applications inmaterials science. Following that,
we review the research in GAI for materials science and find that
materials researchers prefer to employ basic GAI models, while
there are many promising improved and advanced GAI methods,
which have not been explored yet. Specifically, we discuss the
prospects of general GAI in materials science and leverage ChatGPT
as an example for exploring whether it can solve the key issues in
materials science (e.g., novel materials generation, solving differ-
ential equations, and querying FAQs). The results show that
ChatGPT can effectively deal with materials problems and modify
the generated results via Prompt to some extent. However, because
of the lack of specific domain knowledge in its training dataset,
ChatGPT currently still cannot be employed to handle the compli-
cated or domain-knowledge-required materials problems. Finally,
the six challenges of the use of GAI in materials science are dis-
cussed, i.e., the requirements of high-quality data and domain
knowledge, the improvement of model generalization ability,
interpretability and credibility, usability, security, and resource
cost. We believe that embedding domain knowledge into GAI
models would resolve many of these problems. The improvement
of the data and knowledge quality can provide solid foundation for
materials research and development. AI experts, materials domain
experts, and non-experts will need to combine effort to resolve the
identified issues. Overall, a general GAI is bound to promote the
rapid development of AI4Science, and then open a new era of
materials science research.
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