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Abstract With the advent of the fourth technological
revolution, the new generation of artificial intelligence (AI)
has imparted new significance and opportunities to the
modeling of momentum, heat, and mass transfer, as well as
chemical reaction processes with the realm of chemical
engineering. Al techniques are being widely employed in
the chemical industry and are constantly evolving to offer
more effective solutions for tackling practical challenges.
This review delves the transformation of the chemical
industry from traditional digital simulations to advanced
Al-based approaches, targeting high efficiency and low
carbon emissions across the scale from molecules to
factories. Particular emphasis is mainly placed on the
research carried out within the research group of Weifeng
Shen. At the molecular level, the intelligent capture of
molecular characteristics and the precise determination of
structure-property relationships have reached a mature
stage. Furthermore, multifunction-driven reverse molecular
design for solvents, reaction reagents, and other substances
has been accomplished through Al-based high-throughput
screening and generative models. To improve the safety,
environmental  friendliness, and carbon reduction
performance of chemical separation processes, a series of
innovative reinforcement strategies have been put forward,
with a primary focus on the systematic optimization of
solvent design. On the process scale of actual production, it
frequently occurs that the constructed mechanism model
fails to align with the actual system behavior, thereby
restricting the industrial application of the model. To solve
this issue, mechanism-data hybrid-driven frameworks have
been successfully developed, leveraging Al-enhanced
prediction, diagnosis, optimization, and control for
complex separation systems in practice. Finally, as a
bridge connecting big data intelligent technology and
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actual industrial processes, dynamic digital twin modeling
is discussed for its potential to boost efficiency and
sustainability in the chemical industry.

1 Introduction

Chemical system engineering is a comprehensive discip-
line that encompasses automatic control [1], product
design [2], computer science [3], and related fields. As a
cornerstone sector, the chemical industry is characterized
by high resource and energy consumption with significant
environmental impacts [4]. The production processes
within the chemical industry involve a complex chain
from raw material extraction to final product
manufacturing, with frequent energy and material
transfers often resulting in inefficiencies and waste. In
response to these challenges, the industry is progressively
shifting toward economically and environmentally
sustainable production methods [5]. The demand for
clean, low-carbon, and high-efficiency production
technologies continues to drive the greening of chemical
processes [6], which requires comprehensive multi-scale
optimization from the molecular to the factory scale.

At the molecular scale, the intensification of chemical
industrial processes includes the selection of solvents [7],
catalysts [8], and gas absorbents [9], which significantly
influence overall process improvement. The development
of high-performance molecules aims to meet criteria like
green efficiency and safety. Traditional research methods
relying on trial-and-error approaches are resource-
intensive and time-consuming [10]. Hence, the efficient
and rapid design of high-performance molecules is crucial
for industrial green transformation.

At the factory scale, the optimization objectives for


mailto:shenweifeng@cqu.edu.cn
https://doi.org/10.1007/s11705-025-2562-1
https://doi.org/10.1007/s11705-025-2562-1
https://doi.org/10.1007/s11705-025-2562-1
https://doi.org/10.1007/s11705-025-2562-1
https://doi.org/10.1007/s11705-025-2562-1
https://doi.org/10.1007/s11705-025-2562-1
https://doi.org/10.1007/s11705-025-2562-1

2 Front. Chem. Sci. Eng. 2025, 19(7): 57

chemical industrial processes include reducing energy
consumption, minimizing environmental pollution,
maximizing resource utilization, and enhancing process
safety [11]. Tackling the trade-offs between multiple
constraints in chemical industrial process optimization
has long been a focus for researchers [12]. Although
recent studies have developed optimization methods,
traditional ones often fall short in effectiveness. As
optimization problems become more complex,
conventional mathematical optimization tools frequently
become inadequate or prone to local optima. Furthermore,
accurate mathematical modeling of chemical processes is
crucial for plant-level decision-making, and efficient data
modeling frameworks are needed given the complexity of
chemical systems and vast amounts of data.

Artificial intelligence (Al) technology, with its outstand-
ing data processing capabilities, efficient pattern recogni-
tion, and strong scalability, offers new perspectives for
solving complex scientific problems. As industrial scales
expand and the volume of data grows rapidly alongside
state-of-the-art information technologies, data-driven
methods hold promising prospects for intelligent manu-
facturing [13] and facilitate the transition from automated
[14] to intelligent production [15]. From the molecular
level, Al can learn chemical knowledge and effectively
design new high-property molecules that can be poten-
tially synthesized [16]. Al can also make more choices
based on specific requirements and consider more factors
in new research domains. By combining Al with human
intelligence, theoretical references and guidance can be
provided, and both scientifically validated and prospec-
tively successful routines can be unearthed with relatively
few resources. From the factory level, Al helps optimize
production flows and conditions by analyzing production
data, reducing the environmental costs from by-products
and manufacturing waste. Additionally, Al enables timely
troubleshooting and alarms through real-time monitoring
technology [17], enhancing safety and operational
stability in industrial processes. Leveraging Al makes
multi-objective optimization achievable [18], allowing for
the consideration of numerous variables to reach globally
optimal conclusions. Compared to traditional mathema-
tical and statistical tools, the exceptional processing
capacity of Al can handle large amount of variable data.
In this era, the design, optimization, and intensification of
chemical processes will undoubtedly benefit from the
significant role of AI [19].

This review focuses on the current progress in the
comprehensive optimization of chemical industrial
processes from molecular to factory scales based on the
new generation of Al techniques. At the molecular scale,
innovative solutions for quantitative structure-property
relationship (QSPR) modeling based on Al are
elaborated, including efficient feature extraction techni-
ques for molecular structures, improvements in building
Al model algorithm architectures by incorporating

chemical engineering knowledge to enhance model
performance. At the process scale, multi-objective mole-
cular generation techniques utilizing the synergy between
QSPR models and Al are introduced, achieving colla-
borative optimization of high-performance molecules and
process design. At the factory scale, hybrid mechanistic
modeling optimization methods for process systems
based on Al are discussed, aimed at improving energy
utilization efficiency and reducing carbon emissions. The
real-time dynamic quality control of chemical production
processes using digital twin technology is presented. In
light of existing research achievements, it is believed that
Al-based multiscale optimization paradigms in the
chemical industry have substantial potential for achieving
cleaning, energy-efficient, and carbon-reducing produc-
tion processes [20]. The maturity of dynamic digital twin
modeling technology through the combination of Al-
related advanced technologies will promote real-time
monitoring and optimization of chemical processes,
enable long-term prediction of processes, and provide
more accurate decision support [21]. The dynamic digital
twin modeling technology will play an increasingly
important role in various intelligent production systems,
empowering enterprises with digital transformation and
intelligent operation.

2 Al-based prediction of physicochemical
properties at the molecular scale

To build a predictive model for molecular properties, it is
vital to capture the physical, chemical, and structural
information of the molecule and translate it into a
mathematical format for effective model input [22].
QSPR utilizes mathematical and statistical tools to
uncover quantitative relationships between chemical
kinetics of compounds and molecular structures, and
physical and chemical properties [23]. The QSPR
modeling process for property prediction generally
includes several steps (as depicted in Fig. 1): (1) data
collection and preprocessing, (2) structure cognition and
feature extraction, (3) model establishment, (4) perfor-
mance evaluation, and (5) analysis and reinforcement.
The detailed key steps will be presented in the following
subsections.

2.1 Structural representation and feature extraction
methods

Structure cognition and feature extraction are fundamen-
tal components of these processes, choosing appropriate
approaches can significantly enhance effectiveness.
Researchers have made significant progress in both
molecular structure characterization [24] and feature
extraction techniques [25]. Commonly used methods
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Fig.1 The process of molecule property prediction via Al-based QSPR modeling.

range from the earlier proposed group contribution
method (GCM) to current molecular descriptors,
molecular fingerprinting, and other novel methods.

2.1.1 GCM

GMC has been universally used for calculating and
predicting variable properties, including thermodynamic
behavior, which is helpful for computer-aided molecule
design [26]. It is considered a one-dimensional
representation with limitations in expressing connectivity
and interrelationships between substructures, based on the
theory that molecular properties are additive and
individual structural units contribute equally in molecules
[27].

Hu et al. [28] conducted a comprehensive screening of
organic solvents and ionic liquids to identify optimal
entrainers for separating aqueous systems from fert-
butanol. The approach considered both the toxicity and
physical properties of the candidate solvents while using
GCM to evaluate the melting points and thermal
decomposition temperatures. The study offers innovative
perspectives for solvent design and can guide the
selection of azeotropes in other separation processes.

Although GCM is reliable for simple models, it has
drawbacks in practical applications, like calculation errors
and difficulties with complicated structures. However,
constructing complex nonlinear GCM models can
improve accuracy and efficiency in estimating properties.

2.1.2  Molecular descriptors and fingerprints

In cheminformatics, molecular descriptors play a key role
in the quantitative expression of molecular characteristics.
Molecular descriptors can be divided into experimental

and theoretical descriptors [29]. Experimental descriptors,
like viscosity, density, and polarity, are derived from
empirical measurements, while theoretical descriptors,
such as molecular fingerprints, molecular diagrams, and
molecular structural fragments, are calculated using
computational methods. These two types of descriptors
are complementary, with experimental ones validating or
calibrating theoretical models and theoretical ones
enabling property prediction for molecules lacking
experimental data. Their classification guides the
selection of appropriate descriptors for specific tasks [30].
Molecular descriptors quantify molecular characteristics
and deepen the computational understanding of molecular
structures and activities [31]. The typical molecular
descriptors encompass the atomic charge, hydrogen
bonding effects, molecular volumes, surface areas, along
with a diverse range of derived descriptors [32].
Molecular fingerprints have long been employed in
drug discovery [33] and virtual screening [34]. They
function as property profiles for molecules and are
usually represented as binary strings that signify specific
molecular substructures. The type of molecular
fingerprints depends on the methodology used to define
these substructures. Examples include substructure keys-
based fingerprints, topological or path-based fingerprints,
and circular fingerprints. Zhu et al. [35] proposed a novel
adaptive architecture for predicting the hazardous
properties of industrial chemicals, focusing on various
toxicological endpoints related to acute oral toxicity. The
authors’ research group integrated multiple molecular
fingerprints into a multivariate model, which helped
overcome the limitations inherent in individual
fingerprints. The framework addressed descriptor
selection and model interpretability by providing a unique
method for sequence-based molecular characterization.
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Additionally, it introduced an adaptive modeling
architecture and a new feature perturbation method for
data evaluation, thereby enhancing the understanding of
toxicity mechanisms.

2.1.3 Novel feature extraction methods

Over the past few decades, an ever-increasing number of
advanced feature extraction methods have been deve-
loped [36]. Building on these novel approaches for mole-
cular structure characterization, several promising advan-
cements have emerged. Recent molecular feature extrac-
tion methods include graph, natural language processing
(NLP), molecular image, three-dimensional (3D) struc-
ture representation [37], and computer vision [38].
Molecular graph-based representation learning techniques
have demonstrated remarkable competitiveness. Graphs
are one of the most intuitive protocols to represent
molecular structures [39]. The molecular graph serves as
an effective two-dimensional (2D) molecular descriptor,
transforming molecules into matrices that represent
topological features, where atoms and bonds are regarded
as nodes and edges, respectively [40].

To deal with the problem of accurately predicting the
infinite dilution activity coefficient (y*), the research
group of Shen [41] conducted a comprehensive study on
an accurate predictive model based on a graph-learning
architecture. The model has four main stages: (1) mole-
cules are represented as undirected graphs; (2) a message-
passing neural network (MPNN) is applied to extract
intra-molecular features, during the process, the
surrounded chemical spatial information clusters on
atoms; (3) an interactive attention model is then
developed to capture the hydrogen-bonding interactions
between solute and solvent; (4) the final features
generated by graph-learning incorporate comprehensive
information on both intra- and intermolecular features as
well as temperature-dependent parameters. The presented
model exhibits superior performance in terms of accuracy
and reliability and holds a promising application prospect
in the area of green solvent screening and actual
separation processes.

The molecular graph-based hybrid representation
methods mainly concentrate on 2D-based features at the
atom, bond, or molecule level, often overlooking the 3D
spatial structure information that is crucial for explaining
molecular properties. These methods may also fail to
incorporate relevant chemical knowledge and molecular
stereo-structural information, which can significantly
boost model interpretability. Consequently, Zhang et al.
[42] combined a directed MPNN, chemically synthesi-
zable fragment features, and 3D spatial structure informa-
tion to construct a 3D multi-hierarchical representation-
based deep neural network framework aimed at predicting
environmental, health, and safety (EH&S) properties.
Such a representation enables the simultaneous extraction

of the local, global, and spatial geometric information
from molecules.

NLP is a set of data-driven computational techniques to
learn, understand, and generate human language content
[43]. The traditional machine learning (ML) approaches
based on NLP typically relied on time-consuming and
usually incomplete manually crafted features [44]. With
the progress in computational power and techniques, NLP
has demonstrated remarkable capabilities in computa-
tional tasks. Motivated by successful cases in Al-assisted
NLP, Su et al. [45] developed a data preparation strategy
that encodes molecules with canonical molecular signa-
tures and utilizes an embedding algorithm to vectorize
bod-substrings. Among these, tree-structured long short-
term memory (LSTM) imitated the tree structures of
canonical signatures and output a feature vector that was
used to correlate properties within a back-propagation
neural network. The innovative aspect of the study lies in
the fact that molecules do not need to be represented as
images or expressed in a linear language. Meanwhile, the
feature extraction method can automatically learn QSPRs
and consider a greater number of materials to enhance
predictive ability.

The previous work [46] also reported a deep pyramid
convolutional neural network architecture via NLP. The
research discovered that the simplified molecular input
line entry system (SMILES) is essentially a language
from which chemical information can potentially be
extracted using NLP. It is a string format that employs
ASCII characters to represent molecules and chemical
reactions. In the new QSPR modeling paradigm, each
SMILES notation was interpreted as a sentence, and the
molecular eigenvectors output by the model can be
reversed back to SMILES. Subsequently, based on two
strategies  (rule-based and frequency-based), two
tokenizers were applied to convert SMILES strings into
indexical arrays. The work on array conversion,
embedding, and featurization, and reliable predictions of
molecular properties was then carried out. It is especially
worth noting that the established model can be easily
integrated with other SMILES-based models and enables
inverse molecule design for new product discovery.

2.1.4 Feature selection and optimization strategy

Feature selection aims to filter out redundant features to
ensure model performance [47]. The process enhances the
accuracy and effectiveness of the model [48]. In the study
conducted by Yang et al. [49], three ML models were
used to predict the solubility of CO, in ionic liquids,
incorporating three different molecular descriptors: GCM,
molecular structure descriptors (MSD), and mixed GCM-
MSD. Model evaluation was performed by mean absolute
error, coefficient of determination (R?), and mean relative
error. The findings of the study provide valuable insights
into the potential molecular characteristics that influence
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the solubility of carbon dioxide in ionic liquids and lay a
foundation for future research. The results revealed that
the predictive performance of the models is more
significantly influenced by descriptors with richer feature
information, with the CatBoost-group contribution (GC)-
MSD model standing out among them.

The octanol-water partition coefficient (logK ) is a
commonly wused indicator for evaluating the
environmental effects of chemicals [50]. Huang et al. [51]
proposed an adaptive dual-optimization feature screening
strategy utilizing RDKit as molecular features. The study
integrated genetic algorithms and random forests to
eliminate redundancy and identify the optimal set of
molecular descriptors. The model was developed
combining a back-propagation neural network and
Bayesian optimization, enabling automatic integration to
evaluate learning validity. The model shows good
accuracy and high reliability in predicting the logK , of
organic molecules, thereby contributing to the discovery
of green solvents.

The traditional GCM has limitations when it comes to
accurately predicting properties in practical applications.
To tackle this issue, Shen’s research team [52] proposed a
novel strategy for extracting molecular features that are
both interpretable and effective in distinguishing isomers.
The approach can rapidly identify molecular structures
and extract molecular features from SMILES
representations. Each molecular feature corresponds to a
substructure composed of a non-hydrogen atom, their
connected hydrogen atoms, and associated chemical
bonds. Different types of chemical information, including
the type of the non-hydrogen atom, the number of
hydrogen atoms, formal charge, and bond types between
the substructure and its neighbors were considered. The
frequency of these molecular features was then utilized as
structural descriptors, enabling ML algorithms to
establish correlations between molecular structures and
properties. The comprehensive chemical information
encoded into molecular features allows the resulting
models to effectively distinguish isomers. Notably, fewer
molecular features are required to build accurate
predictive models using the proposed feature extraction
strategy.

2.2 Al-based QSPR modeling

In the last decades, using QSPR models to solve chemical
problems has become increasingly prevalent. The QSPR
model undergoes several stages, which can be roughly
categorized into three types: (1) classical statistical
methods [53], (2) basic ML models, and (3) deep learning
(DL) frameworks. Traditional methods have not been
phased out; rather, the integration of classical statistical
tools with modern advanced technologies like ML and
DL has emerged as a major trend. In recent years, Al has
almost taken the lead in various fields, including QSPR,

due to its rapid growth and development [54].

ML is a data analysis method capable of uncovering
underlying patterns and rules from given cases. It is
primarily divided into three classes: supervised learning,
unsupervised learning, and reinforcement learning [55].
Basic ML models include support vector machine [56],
decision tree [57], random forest [58], and neural
networks [59]. Different ML models constructed using
various algorithms exhibit significant discrepancies in
performance.  Therefore, = employing  appropriate
algorithms can lead to more accurate results. Although
ML performs well, it still has limitations when dealing
with more complex problems.

DL-based frameworks excel at automatically identify-
ing patterns in complex nonlinear data sets, effectively
serving as automated feature engineering. The application
of DL technology is gradually spreading to an increasing
number of fields, attracting growing interest from res-
earchers due to advantages in data processing efficiency,
scalability, robust performance, and support for multi-
task learning and other factors. The application of DL in
chemistry is extensive and has greatly accelerated res-
earch progress and led to significant advancements [60].

Inspired by NLP, Zhang et al. [61] proposed a
feedforward neural network based on MPNNs for the
rapid and accurate prediction of surface charge density
profiles and cavity volumes in conductor-like screening
models (COSMO) segment activity coefficient. The
approach tackled the issue that the original GC-COSMO
was unable to distinguish between isomers. By employing
a hybrid molecular representation, the novel model
effectively differentiates between cis/trans and structural
isomers. Additionally, it enables the rapid calculation of
physicochemical properties, facilitating high-throughput
screening of green solvents. In future research, the study
will continue to integrate the COSMO-realistic solvation
database to expand cavity volume and o-profile data sets,
enhancing the diversity of molecular types and training
more generalized predictive models.

Wang et al. [62] developed a QSPR model employing
DL techniques to predict logK, for organic compounds
accurately and reliably. The model provides valuable
environmental insights that can guide the selection and
development of key chemicals such as green solvents.
Canonical molecular signatures, derived from canonical
molecular graphs, were utilized as input parameters by
mapping them onto tree-structured LSTM networks. By
integrating these molecular signatures with the tree-
structured LSTM, the model minimizes human
intervention in molecular feature selection and enables
automatic extraction of molecular features. The deep-
learning neural network not only predicts the logK , to
assess the lipophilicity of organic chemicals but also has
the potential for broader applications in evaluating other
environmental properties to promote the development of
green chemistry.
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To date, QSPR has attracted increasing attention due to
its excellent predictive capability. Compared with first-
principles calculations, DL-based QSPR models eliminate
the need for complex mechanistic analysis during the
modeling process. This not only saves considerable
computational resources but also delivers satisfactory
accuracy. As a result, more researchers are seeking an
effective QSPR model to solve existing or potential
chemical problems. This trend is expected to drive
advancements in molecular discovery and intelligent
chemical process optimization.

2.3 Enhancement strategies for DL modeling based on
chemical knowledge

Despite the availability of effective molecular structure
characterization methods, QSPR modeling strategies, and
ML models, the actual modeling performance is
influenced by numerous objective factors. These include
factors such as the poor quality of training samples, the
complexity of structure-property relationships that make
fitting difficult, and the limitations of certain modeling
techniques that can lead to challenges like convergence
issues, overfitting, high uncertainty, or poor
interpretability. Consequently, model enhancement has
increasingly become a focus of research, aiming to
maximize model performance under existing training
conditions. The following will briefly discuss several
model enhancement strategies.

2.3.1 Model performance enhancement through few-shot
learning and hyperparameter optimization

ML is inherently data-driven; however, the availability of
adequate data poses difficulties in practical applications
[63]. Several challenges remain, including limited storage
capacity, a scarcity of labeled samples, model stability,
the quality of generated samples, and an excessive
number of parameters, etc. [64]. There is an urgent need
to address a learning paradigm known as few-shot
learning [65]. The few-shot phenomenon observed in
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training sets of molecular structures and properties is
primarily due to the limitations and sparsity of the
chemical spaces relevant to the samples [66].

Through the correlation analysis between QSPR and
chemical space clustering, Wen et al. [67] found the few-
shot phenomenon and expanded its definition to describe
it as the “uneven distribution of training sample quality”
within molecular chemical space. The work highlights the
impact of quality disparities among samples across
different chemical subspaces on model training. Besides,
Wen et al. [68] put forward a more general model
enhancement strategy for few-shot learning, leveraging a
chemical space deconstruction model for sample
augmentation in local regions and employing a dynamic
ensemble strategy to reinforce the built intelligent model.

Hyperparameter optimization also significantly impr-
oves model performance [69], the Hyperopt library with
Bayesian optimization and 5-fold cross-validation was
used to identify optimal hyperparameters for various ML
algorithms [70]. A rank normalized scores approach was
also employed to assess whether the ML modules
perform better, confirming that while model performance
can be improved, there is no universally superior ML
algorithm.

2.3.2  Model reliability enhancement through uncertainty
analysis

Uncertainty reflects the degree of dispersion of random
variables and is typically classified into two categories:
aleatory uncertainty and epistemic uncertainty [71]. A
key objective of uncertainty analysis is to quantify the
outputs associated with uncertainty. The calibration
methods currently in use are generally categorized into
confidence-based and error-based methods. Commonly
used methods of uncertainty analysis include Monte Carlo
dropout, model ensemble, and evidential DL (Fig. 2).
Some models with simple structures, such as linear
regression and Gaussian process regression, can directly
estimate model uncertainty, but this capability does not
extend to more complex models.

How to realize Methods classification:
* Error-based

* Confidence-based

uncertainty analysis ?

Fig. 2 General workflow of model uncertainty analysis.



Ying Li et al. Multi-scale revolution of artificial intelligence in chemical industry 7

The MC-dropout technique has been proven effective
by researchers. Wen et al. [67] proposed an approach that
is extensively tested by randomly disconnecting node
connections in the trained deep neural network, show-
casing its robustness and reliability. Models constructed
using this approach will offer indicators of predictive
uncertainty, assess the reliability of the trained model
predictions on molecular data, and help mitigate potential
issues in high-risk applications. The specific details of the
uncertainty analysis in the study are as follows: (1) for the
individual compounds, calculating absolute error and
absolute relative error to evaluate predictive ability of the
model; (2) for data sets, calculating indicators such as
average absolute error, average absolute relative error,
root mean square error, and the R” to thoroughly assess
the overall predictive performance of the model. Through
these evaluation metrics, a better understanding of the
predictive capabilities of the model and its reliability in
practical applications can be attained.

2.3.3 Model interpretability enhancement for uncovering
scientific principles

Due to the inherent complexity of DL models, their
internal mechanisms are often difficult for humans to
comprehend. However, understanding these mechanisms
is crucial for unveiling potential scientific principles.
Therefore, it is essential to employ interpretability
approaches to explain the workings of DL models [72].
Improving model interpretability not only facilitates the
discovery of new scientific insights but also helps to
explain sudden drops in performance under specific
conditions [73]. Significant research has already been
conducted in the area of model interpretability analysis,
leading to notable advancements in the field [74].

Zhang et al. [75] identified the molecular substructures
that contribute most significantly to the target molecule
using a Monte Carlo tree search approach. The Monte
Carlo algorithm facilitates molecular design through steps
including generation, optimization, and property evalua-
tion. The algorithm utilizes target properties and descri-
ptors, employing strategies similar to genetic algorithms
to generate molecules that fulfill specific property
requirements. Optimization was performed through
mutations within an initial pool of molecules. An encoder
and specific rules were utilized to avoid generating
incorrect SMILES representations. Furthermore, the
authors established different ranges of atom counts for
substructures based on specific tasks, thereby optimizing
the use of computational resources.

In the study previously mentioned [42], the research
primarily made use of the breaking of retrosynthetically
interesting chemical substructures (BRICS) intelligent
cutting algorithm to break down molecules into
chemically synthesizable substructures. Through quantita-
tive visualization, it is able to identify the substructures

that most significantly contribute to desired properties,
guiding molecular design and optimization. The study
further demonstrated that the representation achieved by
the directed MPNN, which integrated BRICS fragments
and 3D information within hierarchical representations,
served to enhance the predictive ability for lipophilicity.
Morecover, molecular substructures that contribute to
sustainability, especially in relation to environmental
health and safety aspects, were clustered and analyzed.
This analysis provides valuable information that can
inform the design of green solvent molecules. The
interpretability analysis carried out on these substructures
offers effective guidance for the structural design process.

In the study that was previously referred to [41], a
novel solute-solvent interactive attention module has been
innovated and integrated into the molecular graph-
learning architecture. The interactive attention module
empowers the model to effectively capture intermolecular
hydrogen-bonding interactions. It was specifically
designed with the intention of learning pairwise interac-
tions between functional substructures. Additionally,
attention coefficients were employed to quantify the
significance of these hydrogen-bonding interactions. The
developed attention module used the extracted atom-
centered substructure information to recognize the critical
functional parts within the interactions and then assigned
the highest weights to these parts. Subsequently, a
readout function known as Set2Set was used to gather the
graph-level features for both the solute and the solvent
during the readout phase.

Yang et al. [76] conducted a study in which they
compared three ML methods, namely feedforward neural
networks, extreme gradient boosting, and random forest,
for predicting the K_,. The models were rigorously
evaluated based on a variety of metrics, including R?,
mean absolute error, root mean square error, and mean
relative error. Furthermore, shapeable additive explana-
tions were utilized to enhance the interpretability of the
models. The research not only establishes a new
benchmark for the accuracy of K, prediction and
addresses the limitations associated with the experimental
techniques used for measuring K, but it also enhances
the interpretability of the QSPR model. Potential future
applications of the research include guiding the
generation of molecule models.

2.3.4 Multi-task DL for multi-objective QSPR modeling

Previous studies on DL-based QSPR modeling have
typically focused on a single property prediction task.
However, in practical applications, the performance
evaluation of molecules often involves multiple
properties [77]. This limitation has led to the emergence
of the concept of multi-task DL, which aims to meet the
requirement of simultaneously predicting multiple
molecular properties. Multi-task DL is a form of
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inductive transfer that improves generalization by
handling multiple related tasks through the simultaneous
optimization of loss functions [78]. The authors proposed
a multi-task neural network DL framework (MDNN)
[79]. The MDNN can effectively utilize limited
experimental data sets to automatically capture relevant
molecular features through multiple feedforward neural
networks. It can also discern interactions between various
attributes via two training strategies: joint training and
alternating training. Moreover, it associates different
target properties by vectorizing molecular structures
through an LSTM network, thereby capturing the
generalizability across all tasks without the need for
descriptor selection and maximizing the utility of the
available experimental data. The study also involves
outlier detection and proposes a program that combines
the empirical cumulative distribution function of residuals
with an analysis of deviations to evaluate the predictive
performance of multitask DL models. Partial least squares
regression was utilized as a comparative baseline to
emphasize the superior performance and scalable data
processing capabilities of the proposed MDNN approach.
Furthermore, a method based on principal component
analysis was introduced to analyze the applicability of the
model. Future studies are expected to focus on developing
multi-objective molecular generation models that can
produce clean, low-carbon solvents with EH&S
properties.

Combining Al with molecular property prediction has
the potential to accelerate the discovery of new materials
[80], the development of sustainable materials [81], and
the design of targeted drugs [82]. This integration will
effectively tackle challenges faced by the chemical
industry while achieving goals related to economy,
efficiency, and sustainability [83]. It is anticipated that a
deeper integration of Al with chemical industry
knowledge and technology will create new opportunities
for scientific research [60] and industrial innovation [84],
leading to more accurate and diverse applications [85].

3 Synergistic optimization of molecular
generation and process design

The process of selecting and designing suitable molecules
for special functions is a typically time-consuming and
labor-intensive task [86]. There are two main approaches
for molecule design: experimental trial-and-error methods
[87] and computer-aided molecular design (CAMD) [88].
Compared to CAMD, experimental trial-and-error
approaches are resource-intensive, pose safety hazards,
and fall short of meeting modern industrial and
environmental requirements. Hence, it is of critical
importance to shift from traditional empirical trial-and-
error experiments to experiments guided by theoretical

prediction in order to achieve the desired goal with
minimal resources [89].

CAMD is a comprehensive term [90] that encompasses
a variety of computational methods aimed at the rational
design of molecules with specific and optimal properties
derived from designated molecular building blocks. It
primarily generates new molecules primarily by
combining groups [91], which can lead to combinatorial
explosions. Additionally, it struggles to distinguish some
isomers and separate groups from some complex
structures. Another challenge is the extensive scope of the
chemical space, which is too vast to be comprehensively
considered.

Molecular structure generation can be achieved by
constructing an encoder and a decoder to form a
molecular generative model [92]. However, the model
generates a large number of molecules with varying
performances. When designing molecules for specific
functions, it becomes necessary to implement constrained
screening and targeted structure generation steps to obtain
the desired molecules that show excellent performance in
processes (Fig. 3). The following section will provide a
detailed discussion of cases involving constrained
screening and targeted structure generation.

Constraint screening ensures that the designed
molecules are more readily synthesizable and better
aligned with practical needs. As a result, the ultimately
selected molecules are more likely to be applicable in
practical scenarios. The screening criteria generally focus
on performance and process aspects. For example, in the
separation of cyclohexane and benzene mixtures, the
authors identified 1103 promising molecules that
demonstrate excellent selectivity and solvation capacity
as green extractive solvents [93]. Subsequently, the study
assessed the practicality of molecular synthesis using a
synthesis score based on fragment contributions and
complexity. It was found that most molecules had
favorable scores for easy synthesis. Additionally, the
model calculations were performed to generate solvent
candidates while considering factors like melting and
boiling points, along with flash points to ensure safety
and economic viability. This process resulted in five
retained candidate molecules: 5-methyl furfural,
3-propoxypropanenitrile,  3-but-3-enoxypropanenitrile,
1-phenylpropan-2-one, and 2-phenyl-1,4-dioxane.

For the purpose of seeking better-performing solvent
molecules, residue curve maps were further calculated to
assess whether a solvent is suitable for extractive
distillation to separate a mixture. This was done using
Aspen Plus to calculate the energy consumption for both
the extractive and regeneration columns. Importantly,
when compared to four widely used industrial extractive
solvents, 5-methyl furfural shows no significant increase
in energy consumption. Based on these analyses,
5-methyl furfural can be considered one of the most
effective green extractive solvents for the separation of
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Fig. 3 The conceptual diagram of synergistic optimization of molecular generation and process design.

cyclohexane and benzene. It is worth mentioning that the
proposed framework can also be applied to other
separation processes, such as liquid-liquid extraction, gas
absorption, and crystallization.

Targeted structure generation can be categorized into
two types: property-directed and process-required. Zhang
et al. [94] also took into account factors such as energy
consumption, analysis based on knowledge of the
chemistry domain, and molecular fragment analysis. A
pre-prepared molecular set that exhibited enhanced
selectivity and solvation capacity was employed. A multi-
level molecular generation model was developed to
explore the optimization pathways for these molecular
pairs. The approach enables the training of a multi-
objective optimization generation model for molecules.
Subsequently, five commonly used solvents in the
extraction and distillation separation process of benzene
and cyclohexane were optimized, generating 20
optimized solvent molecules for each solvent, resulting in
a total of 100 optimized solvent molecules. The optimized
solvent molecules were then evaluated based on EH&S
properties. In assessing the environmental impact, three
key ecological indicators were considered, including
factors such as biodegradability, aquatic toxicity, and
ozone depletion potential. Health properties of the
solvents were evaluated through the rat oral dosage,
which served as a critical indicator of toxicity. Safety was
assessed by examining the flash point, which indicated
the temperature at which a solvent can vaporize to form
an ignitable mixture in air. As a result of applying these
constraints, 10 solvent molecules remained as viable
options. These 10 pre-screened solvent candidates,
selected based on their physicochemical properties, were
further  evaluated against key  process-specific

requirements. The operational conditions were quantified
by the normal melting point and boiling point of the
solvents, as a higher boiling point may require excessive
energy input for vaporization, thereby reducing the
overall process efficiency. After a thorough screening of
the operational conditions and an analysis of the results
from combined residue curve and univolatility analyses,
three solvents emerged as the most suitable candidates: 4-
methyl furfural, 5-methyl furfural, and 2-hexanone. These
solvents not only meet the specified thermal criteria but
also possess desired properties that enhance performance
in separation processes.

As molecular generation technology advances,
molecular design and specific process design will become
increasingly interconnected. Advanced computational
methods, like DL, make it easier to identify and optimize
molecular structures. This allows for the design of
substances that are better suited to chemical processes,
leading to more innovative process design and
optimization (Fig. 4). These improvements will enhance
product performance and efficiency. Additionally, by
introducing environmentally friendly design conditions,
researchers can create new materials that align with the
principles of green chemistry. This approach will promote
sustainable practices in pharmaceuticals [95], materials
[96], and other fields, as such contributing to the
sustainable development of the chemical industry.

4 Mechanistic and data-driven integration
for process systems

Process is a cornerstone of the manufacturing industry,
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significantly influencing aspects such as quality,
environment, technology, required skills, and competitive
advantage in the market [97]. When production processes
or working conditions change, it becomes challenging to
respond promptly, which can lead to a decline in
production efficiency over time, ultimately affecting
overall economic performance [98]. Substantial progress
has been made in enhancing green energy efficiency [99]
and reducing carbon emissions in chemical process
technology [100]. Current efforts are focused on
integrating Al into chemical processes, and initial results
have been promising [101]. As a result, the concept of
intelligent processes has emerged. Herein, the process
optimization using Al was applied mainly including
neural networks-based hybrid surrogate modeling, model
optimization and analysis (Fig. 5). Briefly, the hybrid
surrogate model integrates three key elements: a first-
principle model based on process mechanisms [102], a
data flow section with pseudo-experimental data, and an
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The current techniques for process optimization include
deterministic algorithms [104], stochastic algorithms
[105], heuristic algorithms [106], and others. However,
conducting comprehensive and detailed optimization
research on large-scale production processes is difficult,
especially when it comes to exploring the feasible space
of operational variables. The deficiency restricts the
ability to meet the real-time optimization and adjustment
requirements of complex chemical systems. Furthermore,
existing meta-heuristic algorithms have certain limitations
when applied to the optimization of high-dimensional
objective spaces in intricate systems. Cao et al. [107]
proposed a novel framework that integrates DL with an
evolutionary algorithm (EA) and utilizes it in a large-
scale, complex chemical system: the triple CO, feed
methanol production process. The hybrid framework
achieved rapid optimization of four objective functions
and significantly reduced the computational resource
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requirements for process optimization, which is helpful to  balancing various competing objectives, including safety,
realize real-time optimization of chemical processes. sustainability, and product quality [108]. Multi-objective

Chemical process optimization is typically regarded as optimization is widely applied in chemical engineering
a multi-objective optimization problem, as it entails [109], particularly in process design, where it facilitates
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trade-off analysis and the simultaneous optimization of
competing objectives [18]. This enables the identification
of Pareto-optimal solutions, supporting efficient resource
allocation and enhancing system performance. Multi-
objective optimization techniques are primarily classified
into two types: evolutionary and swarm-based techniques
[110]. EAs draw inspiration from the natural process of
biological evolution, whereas swarm-based algorithms
are derived from the collective intelligence behaviors
observed in biological systems. Compared to EAs,
swarm-based techniques generally exhibit faster
convergence rates but are more prone to getting trapped
in local optima, especially when dealing with high-
dimensional or multimodal optimization problems.
Consequently, EAs and hybrid approaches that integrate
the advantages of both methodologies have attracted
significant attention from researchers, driving extensive
advancements [111]. In recent years, EAs have witnessed
exciting advancements through integrating with cutting-
edge technologies and methodologies [112]. One
promising direction is the combination of EAs with large-
scale ML models, such as deep neural networks and
generative models, to enhance optimization efficiency
and scalability. Additionally, EAs are increasingly being
coupled with interactive decision-making frameworks,
where human decision-makers or preference models
guide the optimization process. This integration allows
for more user-centric solutions, particularly in multi-
objective optimization problems, by incorporating real-
time feedback and domain-specific knowledge. These
developments highlight the adaptability of EAs and their
potential to address increasingly complex and high-
dimensional challenges in both theoretical and applied
contexts.

To solve the complex multi-objective optimization
problem of the light olefins separation system, Yang et al.
[113] proposed an innovative strategy that integrates
artificial neural network-based surrogate models with an
enhanced version of the Non-dominated Sorting Genetic
Algorithm II. First, a steady-state model of a lightweight
olefin separation system was established based on
industrial data. Meanwhile, a data set was generated
through the MS Excel-Python-Aspen Plus interface [114].
Following this, a process surrogate model was developed
using an artificial neural network to evaluate process
energy consumption, product yield, and product purity.
Finally, the integrating model was used to quickly
identify the optimal operating parameters under energy
and economic objectives. The optimized operational
scheme significantly reduced annual energy consumption
while only having a slight impact on annual product
revenue. Notably, the algorithm employed the dynamic
simulated binary crossover operator and the dynamic
polynomial mutation operator to specifically tackle the
nonlinear programming problem and the global optimal
problem.

The intelligent optimization model enhances
computational efficiency and robustness compared to
traditional architectures, effectively guiding parameter
adjustments in industrial production processes. It tackles
the complexities associated with large-scale chemical
process modeling and optimization, overcoming issues
such as slow convergence, low efficiency, and poor
robustness. The proposed multi-objective optimization
framework provides production operators with clear
guidance on optimal operating parameters, contributing to
the sustainable development and clean production of
large-scale processes. Ultimately, the model facilitates
energy savings and efficiency improvements throughout
the entire process. The efficiency of integrating ML with
specific process technologies has also been validated on
organic Rankine cycles by Zhou et al. [115] and on the
vacuum pressure swing adsorption process for capturing
CO, in enclosed spaces by Du et al. [116].

Multiscale multiphase reactor with Al is a research
hotspot that has sparked increasing scientific interest
[117]. Reactor is essential to chemical industry, and their
intensification, which encompasses aspects such as
geometrical shape, configuration, operational conditions,
and transport properties, has a significant impact on the
overall sustainability of chemical processes [118]. The
addition of Al helps researchers gain a better understand-
ing of the complex physical-chemical phenomena in
multi-scale (e.g., micro-scale, meso-scale, and macro-
scale) and multi-phase (e.g., gas, liquid, and solid)
reactors. Developing a hybrid data-driven model based on
first principles can considerably reduce the time and cost
involved in the design of optimal reactors. Lei et al. [119]
innovatively integrated a computational fluid dynamics
model with ML to develop a sub-grid filter model for
closed gas-solid momentum transfer, which is applicable
to industrial reactor simulation. The research focuses on
elucidating the non-uniform structural characteristics of
reactors and uncovering the fundamental principles
governing reactor design and scale-up processes, thereby
offering valuable theoretical insights for reactor
development. Subsequent work will emphasize Al-
assisted numerical simulations to predict key reactor
parameters, along with constructing microscale closure
and mesoscale correction models. Looking ahead, Al in
multiscale multiphase reactors shows great potential for
improving predictive accuracy and operational efficiency,
paving the way for more advanced and adaptable reactor
designs in the future.

In summary, the combination of Al technology with
process simulation systems can optimize chemical
processes by understanding the underlying mechanisms.
This approach helps in creating more accurate prediction
models, which can offer reliable insights for specific
projects. Additionally, integrating multi-scale and multi-
disciplinary data will foster interdisciplinary collabora-
tion, enabling the chemical industry to respond more
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flexibly and efficiently to complex challenges.

5 Dynamic digital twin modeling and
optimization at production system scale

In the actual production process, the traditional quality
control technology faces several issues, including low
traceability efficiency, control lag, and unpredictability.
Digital twin technology, on the other hand, can realize the
quality control of dynamic processes by establishing a
high-fidelity model [120], and it has gradually become a
hot topic in the field of intelligent processing [121].

Li et al. [122] integrated the principles of chemical
processes with deep neural networks to develop a light-
attention-mixed-base DL architecture (LAMBDA) that
simultaneously accomplishes process knowledge learning
and high-accuracy multivariable modeling. LAMBDA con-
sists of three submodules: the multi-kernel convolution
module, the light attention module, and the residual
module. The multi-kernel convolution module plays a
vital role in preventing overfitting and to identify the
dynamic characteristics of the system processes. The light
attention module corrected deviations in fundamental
dynamic characteristics that were caused by transient
disturbances. The residual module was designed to reduce
interference affecting the target input. The DL architec-
ture demonstrates remarkable accuracy and robustness. It
incorporates multitask learning and interpretable ML
techniques. This architecture not only plays a facilitating
role in enabling multivariable modeling of processes but
also provides valuable assistance in analyzing actual
chemical processes. Significantly, it can accommodate
arbitrary output quantities without any negative impact on
its performance. The framework holds substantial
promise in terms of its applications, as it makes important
contributions to the development of sophisticated
intelligent modeling frameworks. Moreover, it offers
valuable insights that are instrumental in the creation and
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improvement of advanced monitoring and control
strategies. With the aim of achieving long-term multi-step
forecasting, it will be valuable to conduct more in-depth
investigations into the integration of LAMBDA with
various DL methodologies.

In the realm of chemical engineering, multi-step
prediction of variable trends serves as the core foundation
for numerous online applications [123]. Data-driven
modeling is widely used as one of the most prevalent
tools for predicting variable trends [124]. However, there
are still notable deficiencies when it comes to the
discovery of correlation analysis techniques that are based
on the intrinsic correlation of variables. Up to now, no
correlation analysis techniques have been found to be
applicable to unequal-length variable sequences. To
bridge this research gap, our research group has achieved
significant progress in the area of dynamic process
forecasting by conducting correlation analysis on
sequences of unequal lengths [125]. Specifically, we
developed a correlation-similarity coupling algorithm
(CSCA) based on chemical process mechanisms. This
algorithm is highly effective in identifying the most
relevant features while minimizing redundancy.
Furthermore, we have also constructed an LSTM
encoder-decoder DL multi-step prediction model based
on CSCA, which enabled multi-step predictions of
various process parameters involved in actual de-
ethanization industrial processes (Fig. 6). The framework
exhibits significant potential for further development and
can be integrated with other Al technologies. Through
such integration, enhanced process control outcomes can
be achieved, thereby making a significant contribution to
online applications within the chemical industry. This
integration also promotes the advancement of intelligent
chemical engineering. Additional research efforts will
focus on introducing more effective noise reduction
modules to improve model robustness and validate the
new architecture on more chemical processes.

As intelligent manufacturing continues to evolve, we

Final process variables

[ ]
Input
: npu State encoder
o|:

Decoder

Output

FNN

Fig. 6 Real-time optimization of process parameters based on multi-step prediction models.



14 Front. Chem. Sci. Eng. 2025, 19(7): 57

anticipate that the maturity of dynamic digital twin
modeling technology will be achieved through the
combination of advanced Al-related technologies. This
will, in turn, facilitate the promotion of real-time
monitoring and optimization of chemical processes. It
will also enable long-term prediction of processes and
provide more accurate decision support (Fig. 7).
Moreover, we expect that dynamic digital twin modeling
technology will assume an increasingly significant role
within various intelligent production systems. It will
assist chemical industries in achieving digital
transformation and realizing intelligent operations.

6 Conclusions and perspectives

As has been elaborated above, data-driven and
mechanism-based intelligent techniques are gradually
emerging as the new driving forces for addressing the
practical challenges encountered in the chemical industry.

Meanwhile, the effective utilization and enhancement of
these techniques act as catalysts for resolving these
challenges. The integration of these methodologies
encompasses a wide range of applications, including but
not limited to molecular property prediction, high-
throughput screening, and multi-objective solvent
generation. Moreover, these approaches contribute to
significant advancements in both molecular structure
optimization and global process optimization. A
groundbreaking evolution is observed in the transition
from low-dimensional molecular representations to high-
dimensional, multimodal feature extraction, as well as the
progression from single-objective to multi-objective
predictive models. Additionally, there has been a marked
transformation from conventional black-box models to
more sophisticated intelligent models, which strive to
achieve an optimal balance between interpretability and
predictive accuracy. This extends to the development of
systematic modeling frameworks capable of quantifying
uncertainty and precisely defining application boundaries,
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model of the chemical process. Reprinted with permission from Ref. [125], copyright 2024, Elsevier.

moving beyond simplistic modeling approaches.

Nevertheless, the performance of models is restricted
by several factors, including data quality, complexity,
computational resource requirements, interpretability, and
a lack of domain knowledge. These limitations curtail
their practical applications to a certain extent. In
response, researchers are increasingly devoting efforts to
optimize models, algorithms, and feature engineering.
They are integrating diverse technological methods to
augment robustness and interpretability. This is achieved
by adding functional modules and incorporating domain-
specific knowledge into existing models. Through these
endeavors, the aim is to empower molecular design across
multiple scales using Al, gradually developing intelligent
processes that contribute to the establishment of smart
factories.

Despite the remarkable advancements that Al has wit-
nessed in the chemical industry, a number of challenges
still persist. Future research will primarily concentrate on
the following directions: the Al-driven optimization of
chemical processes and intelligent control, Al-assisted
new discovery and personalized design of materials, the
deep integration of Al and green chemistry, and the
application of Al in chemical safety and risk prediction.

Overall, the construction of intelligent chemical
engineering systems represents a monumental task that
demands multidimensional and multi-scale modeling
strategies. These strategies need to cover the entire
spectrum from molecules to processes and systems, with
the ultimate objective of building a digital twin platform

for industry-related issues. Such a digital twin platform
will integrate multimodal and multiscale big data with
chemical mechanisms and engineering principles. In
doing so, it will offer a plethora of new research
paradigms for the development of low-carbon processes.
From a broader perspective, it will function as a powerful
engine for cross-scale and cross-temporal intelligent
collaborative optimization, aiming to maximize the
economic, environmental, and social benefits within the
chemical industries.
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