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Abstract.  Protein engineering is a critical technology that modifies protein sequences and
structures to optimize specific functions or introduce new ones, and it is widely applied in
biomanufacturing, pharmaceutical research and development, synthetic biology and other
fields. Traditional protein engineering mainly relies on the modification of natural proteins,
and its strategies usually include simulating natural evolution processes or designing based
on protein structures, with the aim of enhancing protein stability, activity and other
properties. However, the high complexity of protein sequences and the limited
understanding of the correspondence between amino acid sequences, protein structures and
biological functions have restricted the further development of traditional methods. In recent
years, the rapid development of artificial intelligence has greatly driven the paradigm shift in
protein engineering research, enabling researchers to efficiently explore proteins with
specific structures and functions in a broader sequence space. This paper reviews the basic
principles and development history of protein engineering, and introduces traditional
strategies such as directed evolution and rational design. It focuses on protein structure
prediction tools represented by AlphaFold, generative models such as RFdiffusion and
ProteinMPNN, and the de novo protein design methods driven by these tools. Furthermore,
combined with classic applications of protein engineering including metabolic engineering,
enzyme engineering and antibody engineering, this paper analyzes the progress of artificial
intelligence in protein design and optimization. By sorting out relevant studies, this paper
aims to provide a reference for understanding the development context of protein
engineering and the application of artificial intelligence in this field.

Keywords: protein engineering, directed evolution, artificial intelligence, deep learning, de
novo protein design, enzyme engineering

1. Introduction

1.1. Introduction to protein engineering

Proteins in nature possess extremely extensive and powerful functions, and almost all life activities
require the participation of proteins with different functional types. With the development of human
society, new challenges have emerged in fields such as healthcare, industry and the environment.
The rich structural and functional diversity of proteins, as well as the excellent biological functions
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exhibited by natural proteins, make them widely regarded as an important solution to these
challenges. The concept of protein engineering emerged as the times require. Protein engineering
refers to the process of endowing proteins with specific functions or strengthening their original
properties through modification following the sequence-structure-function logic, and it has
extremely broad application prospects in many fields [1, 2]. In the early days after the concept of
protein engineering was proposed, traditional methods such as directed evolution and rational
screening were usually used to optimize protein functions. Nowadays, with the increasing popularity
of artificial intelligence, protein design is undergoing an unprecedented revolution.

1.2. Underlying design logic of protein engineering

The core principle of protein engineering lies in the intrinsic correspondence among amino acid
sequences, three-dimensional protein structures and biological functions. It is worth noting that the
correspondence among sequence, structure and function is highly complex: two polypeptide
segments with little difference in primary sequence may have completely different three-
dimensional structures, and their corresponding biological functions may also be vastly different [3,
4].

1.3. Current status and future of protein engineering

The diverse arrangements of 20 amino acids endow amino acid chains with rich aggregation and
assembly behaviors. The permutations and combinations of amino acid sequences, together with the
complex folding and self-assembly processes of proteins and polypeptides, jointly endow them with
nearly infinite structural possibilities [5, 6]. However, in the vast structural space, only a very small
number of conformations can exhibit specific biological functions or activities [6]. Traditional
protein design approaches include rational design based on site-directed mutagenesis using known
protein structure and function information, and directed evolution based on the principle of random
mutation-natural selection in nature. Nevertheless, the inexhaustible possibilities of proteins and
polypeptides impose certain limitations on both methods; the huge experimental workload and
economic cost of directed evolution restrict its application [7, 8]. The emergence of machine
learning has injected new vitality into traditional protein engineering. For example, high-precision
structure prediction tools such as AlphaFold have made it possible to obtain a large amount of
protein structure information quickly and accurately, and have also enabled the combination of the
two strategies of directed mutagenesis and rational design [9]. Machine learning can also complete
sequence and structure-function annotation, mutant library construction and other tasks based on
existing data, and generate candidate sequences that may have new functions de novo through
generative models [10-13]. With the application of more machine learning tools, the prediction and
experimental screening of complex combinations that are difficult to achieve with traditional
rational design and directed evolution have become achievable goals.

Looking back from the AI era, this paper reviews traditional protein engineering methods
dominated by rational design and directed evolution, as well as the new opportunities brought by the
AI era to protein engineering. It also illustrates the current status, future development and challenges
of this field through practical cases of protein engineering.
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2. Traditional protein engineering methods

2.1. Directed evolution

Directed evolution is the earliest protein engineering approach and also one of the most classic
protein optimization strategies. Its earliest emergence can be traced back to the 1980s, when the
concept of an "evolutionary machine" that achieves protein evolution through mutation and
screening first appeared in the scientific community, and immediately attracted a group of scientists
to conduct research based on this idea. Among them, Szostak and Hageman made particularly
prominent contributions, and their experiments laid the foundation for the directed evolution of
enzymes [14, 15]. In the early stage of its emergence, directed evolution was mainly used for trait
modification of individual proteins [16]. In the subsequent development process, it was gradually
extended to modify protein complexes and nucleic acids, and applied in fields such as genetics and
biomedicine.

The basic principle of directed evolution originates from the evolutionary process proposed by
Darwin, namely mutation-selection [8]. The construction of mutants mainly includes two
approaches: random mutagenesis and gene recombination. These two approaches achieve the
acquisition of a large number of mutants by creating site-directed mutations and genotypic
combination changes respectively.

Error-prone PCR (epPCR), developed by Goeddel's team in 1989, has been the most commonly
used in vitro random mutagenesis method since its proposal [17], and it can increase the mutation
rate up to 10⁻²–10⁻¹ s.p.b. [18]. In addition, the mixed use of multiple low-fidelity DNA polymerases
can obtain a relatively uniform mutation distribution, which is more conducive to the overall
mutation-selection effect [19].

Among the methods for constructing mutants through the gene recombination approach, the most
commonly used is DNA shuffling first proposed by Stemmer's team in 1994. This method fragments
double-stranded DNA with DNase I and further completes fragment recombination using primer-
free PCR, thereby obtaining a recombinant sequence library [20]. Compared with non-combinatorial
methods represented by epPCR, gene recombination can explore more sequence space, and even
achieve simultaneous optimization of multiple properties of the same protein [20]. However, gene
recombination also has its limitations. For example, parental genes are prone to reassembly, and the
existence of regions with high sequence identity leads to concentrated crossovers [21]. To further
improve the efficiency of gene recombination, scientists have also made various improvements.
Nevertheless, the complex correspondence between protein structure and sequence also imposes
some restrictions on the application of gene recombination in directed evolution. After the
construction of the mutant library is completed, variants with target functions need to be screened,
and selection is usually achieved through resistance screening, growth dependence and other
methods [22].

2.2. Rational design

The core idea of rational design is to predict key mutation sites based on the relationship between
protein structure and function, and perform precise modification using site-directed mutagenesis
technology. Compared with directed evolution, rational design requires a smaller mutation scale, and
has the advantages of short implementation cycle, strong pertinence and low resource consumption
[23–25]. The traditional goals of rational design are to improve enzyme activity, stability and other
properties. The main strategies include multiple sequence alignment, reducing steric hindrance,
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reconstruction based on interaction networks, regulation based on protein dynamic behavior, and
overall design based on computational biology.

Although the sequence-structure-function relationship of proteins is highly complex, generally
speaking, enzymes with high identity and similar structures tend to have similar functions. The
application of multiple sequence alignment is precisely based on this [25]. If the modification scope
is narrowed to a single site, scientists often search for CbD (conserved but different) sites through
MSA and modify them to be consistent with homologous sequences, so as to improve the properties
and functions of the protein to be modified [26]. Modifying specific positions such as the substrate-
binding pocket of enzymes for the purpose of reducing steric hindrance can effectively improve the
catalytic activity of enzymes [27, 28]. In addition, some modifications based on steric hindrance
have also achieved the effect of promoting the binding of target substrates while preventing non-
target substrates from entering the active site by using steric hindrance. Through the combined effect
of the two directions, the substrate selectivity of enzymes is improved [28].

Optimizing enzyme activity by altering various interactions formed between enzyme active sites
and substrates is also an important idea [29]. In a 2021 study, based on the structural analysis results
of β-AADH and 3,5-DAHDH, an enzyme with strict substrate specificity, rational design
modification was performed on E310G, another mutant that affects the substrate range, to improve
its activity towards non-natural substrates. After analyzing the active site of the mutant and the
substrate binding mechanism, the research team performed a point mutation on Gly323, mutating it
to serine, which enabled it to form additional hydrogen bonds with the substrate, and ultimately
increased its specific activity towards the target parent by 17 times [30]. At present, the idea of
rationally designing and optimizing enzymes based on enzyme-substrate interactions has been
widely used, achieving the goals of improving substrate catalytic efficiency and altering
enantioselectivity for target enzymes [28, 31].

The binding of enzymes and substrates is not a direct binding process, and is often accompanied
by significant conformational changes of enzymes. Therefore, enzyme catalysis does not only
depend on the catalytic pocket; domains related to the entire dynamic binding process are also
involved. Thus, rational design of enzymes can be carried out based on the dynamic behavior of
enzyme-substrate binding. Commonly used techniques for rational design in this direction include
molecular dynamics simulation and conformational dynamics. Mutations can be made on residues in
flexible regions far from the active center or on loop regions to alter the dynamic characteristics
such as flexibility and length of the regions, ultimately obtaining variants with higher activity, higher
stability or selectivity [32-34].

As a highly targeted protein engineering strategy, rational design has often been limited by the
incomplete understanding of sequence-structure-function relationships in past applications.
However, with the development of machine learning technology, this situation is gradually
changing. The addition of machine learning makes it possible to integrate and analyze large-scale
previous sequence, structure and function data, and the prediction of functions and mutation sites
will be more convenient. Protein engineering will also gradually transform from "trial-and-error
driven" to a new stage of "data and prediction driven" rational design.

2.3. Semi-rational design

Due to the excessive resource consumption and certain technical difficulties of traditional directed
evolution and rational design in obtaining ideal phenotypes, scientists have established a simpler and
more efficient semi-rational design strategy. Semi-rational design can construct mutant libraries with
smaller scale, higher accuracy and containing conserved regions, which is a relatively concise and
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efficient advanced strategy [9]. In addition, molecular docking simulation is also involved in the
semi-rational design process: by analyzing the binding interface between enzymes and substrates,
key amino acid residues involved in interactions are directly identified, mutant libraries are
constructed, and high-throughput screening is completed [9]. As a more advanced protein
engineering strategy, semi-rational design can integrate sequence and structure information for
analysis, making it a more effective protein engineering strategy. However, it can only modify
existing enzymes, and de novo design requires more advanced protein engineering strategies.

3. AI-driven protein engineering

With the breakthrough development in the field of artificial intelligence, tremendous changes have
also taken place in the field of protein engineering. New methods incorporating machine learning
can break through the limitations of the original Darwinian mutation-selection process, greatly
accelerating the development of protein engineering.

The goals of protein design can be divided into two categories: modification of existing proteins
based on known proteins, and de novo design. The rational design and directed evolution strategies
mentioned above can generally only be used for protein design starting from known proteins, to
enhance their existing functions or endow them with new functions. However, natural proteins are
limited by their origin from natural evolution, and even after optimization, they are often not truly
"optimal designs" [35]. Modified proteins often retain characteristics adapted to the environment of
their original organisms, and their structures are also restricted by historical evolutionary paths [36,
37]. In contrast, the de novo design strategy can largely bypass these limitations, and obtain proteins
with higher stability and functions more tailored to demands through a modular design approach
[38].

With the advent of the AI era, the addition of machine learning (ML) has led to rapid growth in
the scale of protein sequence and structure information, making de novo protein design possible. It
has also further expanded the application scope of protein engineering.

3.1. Protein structure prediction

The function of a protein is closely related to its three-dimensional structure. Protein structure
determination has evolved from traditional methods including X-ray crystallography, nuclear
magnetic resonance (NMR) and cryo-electron microscopy (cryo-EM) to structure prediction based
on computational biology [39, 40]. With the release of AlphaFold2 in 2021, humans finally obtained
a high-throughput, high-precision computational method capable of independently completing
atomic-level accuracy protein structure prediction [10]. Following AlphaFold2, an important
milestone in the field of protein structure prediction, a large number of efficient deep learning-based
protein structure prediction models have developed rapidly. Models such as AlphaFold3 released in
2024 not only have higher accuracy in protein structure prediction, but also extend application
scenarios to structure prediction of complexes, multimers and more [41]. These models have
promoted the development of protein engineering towards de novo design, and further advanced the
fields of enzyme engineering, synthetic biology and drug discovery.

Meanwhile, on the basis of the continuous evolution of deep learning frameworks, the field of
protein structure prediction is further developing towards larger-scale sequence modeling and
unified multimodal modeling. Structure prediction methods based on protein sequence language
models (such as ESMFold) show that large-scale pre-trained language models can directly capture
protein structural constraints from sequence information, achieving high-precision atomic-level
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structure prediction [42]. On this basis, AlphaFold-Multimer further extends the monomer prediction
framework to enable effective modeling of protein complex interfaces, thereby promoting the
development of multimer structure determination and protein-protein interaction research [43]. In
recent years, structure prediction models have gradually expanded from the "protein structure
prediction" paradigm to the "general biomolecular modeling" paradigm. For example, RoseTTAFold
All-Atom extends modeling objects from proteins to nucleic acids, small molecules and their
composite systems, achieving a more complete atomic-level description of biomacromolecular
systems [44].

On this basis, the fields of structure prediction and molecular interaction modeling further show
trends of openness and ecological development. Models such as Boltz-1 are committed to lowering
the threshold for high-precision biomolecular modeling, and achieve efficient inference of protein
interaction networks through a unified framework, thereby promoting the popularization of
structural biology tools [45]. Meanwhile, models such as Chai-1 attempt to build a unified learning
framework for molecular interactions, and further improve the ability to analyze complex interaction
networks in living systems by integrating structure prediction and molecular interaction modeling
capabilities [46]. These advances collectively mark that protein structure prediction is gradually
evolving from a single structure analysis tool to a general modeling platform for multi-scale
biomolecular systems.

3.2. De novo protein design — stepwise design based on structure-sequence correspondence

Due to the inherent limitations of traditional protein engineering strategies, scientists have been
committed to exploring methods for de novo protein design over the past two decades [47-49].
Successful cases of traditional de novo protein design often lack universal design rules and
principles [50]. Subsequently, scientists found that artificial intelligence models can not only achieve
efficient and high-precision protein structure prediction, but also directly design protein sequences
and structures according to expected structures or functions [13].

AI-based de novo protein design includes two categories: stepwise design based on structure-
sequence correspondence and end-to-end generative design.

Among them, stepwise design usually first generates a protein backbone structure according to
the target function [38], and then performs inverse folding from the backbone structure to obtain an
amino acid sequence that can stably fold into that structure [51, 52]. Two important tools for the
stepwise design strategy are diffusion models represented by RFdiffusion and the ProteinMPNN
model. RFdiffusion can directly generate structures of novel proteins and protein complexes that can
fold stably, based on given structural, functional or even interaction constraints [13]. ProteinMPNN
can rapidly design amino acid sequences that are most likely to stably fold into a given three-
dimensional protein backbone structure, and is applicable to monomeric proteins, symmetric
multimers and more [51].

Diffusion models originally originated from the field of image generation. Their training method
mainly involves iteratively adding a small amount of noise to images, so that the neural network can
recover the original images from these noise-added samples [53, 54]. Diffusion models for
generating protein backbone coordinates are a rapidly developing category, and their application
scope includes the generation of diverse monomeric protein and protein complex structures [55].
RFdiffusion is a representative model among them.

After generating the protein backbone structure using diffusion models, inverse folding is
performed from the protein structure. The difficulty lies in the complex mapping relationship
between protein structure and sequence. The Ingraham team first attempted to introduce graph
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neural networks and autoregressive models to learn such mapping relationships [56]. Based on this
idea, the Baker team developed the ProteinMPNN model, which uses a message-passing neural
network to encode the protein backbone structure and predicts the amino acid composition of each
site in combination with the local geometric environment [51]. Compared with previous RoseTTA
models using physical energy functions and earlier models built by the Ingraham team,
ProteinMPNN has higher design efficiency. In addition, ProteinMPNN also extends the application
scope of neural network models in protein design to multimers and symmetric protein structure
design. At present, inverse folding models represented by ProteinMPNN have become an important
part of the standard de novo protein design workflow [57, 58].

3.3. De novo protein design — end-to-end design

Although the design workflow composed of RFdiffusion, ProteinMPNN and AlphaFold has
significantly improved the success rate of de novo protein design, this strategy still essentially
belongs to the paradigm of "structure generation — sequence design — structure validation". With
the increasing demand for large-scale protein design, researchers have begun to explore "end-to-
end" de novo protein design models.

In 2024, ESM3 realized the simultaneous processing of protein sequence, structure and function
information under the same framework, and can directly generate proteins from functional
requirements [59]. Proteins designed by it can exhibit functions similar to natural proteins with a
sequence identity of less than 60%, which is equivalent to completing a span of 500 million years of
natural evolution [59]. This success also proves that machine learning-driven de novo protein design
can explore a large number of protein possibilities that natural evolution has failed to cover.

In the future, with the emergence of more multimodal foundation models and the continuous
accumulation of experimental data, end-to-end protein design is expected to provide more efficient
tools for fields such as enzyme engineering, biomanufacturing and synthetic biology.

4. Applications of protein engineering

4.1. Metabolic engineering

Proteins are the core functional execution units in metabolic networks, and their catalytic efficiency,
substrate specificity and stability directly determine the operating efficiency of metabolic pathways.
Therefore, protein engineering is an important foundation of metabolic engineering. Traditional
metabolic engineering mainly achieves efficient synthesis of target products by mining natural
enzyme resources and heterologously expressing key enzymes [60-62]. With the development of
artificial intelligence, metabolic engineering in recent years has gradually shifted from optimizing
existing pathways to designing pathways. The BioNavi-NP system released in 2022 was designed to
address the problem that the biosynthetic pathways of a large number of natural products have not
been resolved [63]. It achieved prediction of product biosynthetic pathways through methods such
as Transformer neural networks, and achieved a 90.2% pathway search success rate in tests. AI-
driven metabolic engineering has led to the discovery of more potential biosynthetic routes, and
steps such as protein design and screening in pathways have also entered the era of intelligent design
with the development of tools such as AlphaFold, RFdiffusion and ProteinMPNN.
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4.2. Enzyme engineering

As one of the most important fields in protein engineering, enzyme engineering often relies on
directed evolution strategies, combined with the exploration of the relationship between enzyme
structure and function, to improve enzyme performance. Early enzyme engineering focused on
improving enzyme stability and catalytic efficiency, thereby enhancing its application effect in
industrial production scenarios [64-67]. With the accumulation of enzyme function optimization and
remodeling work, enzyme engineering has gradually broken through the limitations of natural
enzyme functions. For example, engineered P450 has achieved dual optimization of expanding the
substrate spectrum and improving reaction activity of the catalytic system [68]. In 2016, the
modification of cytochrome c from R. marinus by Frances Arnold's team went further, realizing the
synthesis of organosilicon compounds in living cells, which marked the first time that enzyme
engineering created a completely new chemical bond formation reaction [69]. Research on the
biosynthesis of natural products has also continuously discovered new enzymes with unique
catalytic potential [70, 71].

However, as the demand for enzyme engineering in the fields of bioengineering and synthetic
biology continues to be refined and increased, enzyme engineering based on traditional protein
engineering ideas has limited efficiency in processing large-scale sequence and structure data. The
development of AI has become a new driving force for the continued development of enzyme
engineering. In 2008, David Baker's team first used RoseTTA to de novo design a series of artificial
enzymes [72]. However, the activity of early artificial enzymes was far lower than that of natural
enzymes, requiring further directed evolution to achieve activity improvement. In 2012, through a
stepwise workflow of first improving the stability of artificial enzymes and then performing directed
evolution, Baker's team increased the enzyme activity of multiple Kemp eliminases designed in
2008 by more than 1000 times from the initial computationally designed version, reaching an
activity level close to that of natural enzymes [73]. This further proves the feasibility of
computationally designed artificial enzymes, but also exposes the shortcomings of current
algorithms, namely the difficulty in considering the dynamics of protein structures and the dynamic
conformational changes during enzyme-substrate interactions. With the expansion of de novo
protein design ideas and the optimization of deep learning models, artificial enzyme design has also
developed rapidly. In 2025, Baker's team used models including RFdiffusion and ProteinMPNN, and
based on reaction mechanism modeling, designed serine hydrolases and successfully constructed the
Ser-His-Asp catalytic triad, with activity close to the level of natural enzymes [74].

After completing the AI design of high-activity artificial enzymes, Baker's team did not stop
exploring. In the original workflow, steps such as selection of catalytic residues and protein
backbone design needed to be completed first, which still had the disadvantages of insufficient
efficiency and heavy workload. RFdiffusion2 launched in 2026 has brought a turning point to this
situation. It can complete backbone design based on active site coordinates, substrate types and
transition state information, and then obtain the final sequence through inverse folding [75]. This
marks that automated design from manually constructed theozymes to enzymes has become
possible, laying the foundation for fully automated "given chemical reaction — AI-generated
enzyme" processes.

4.3. Antibody engineering

Antibody engineering, a branch of protein engineering, is one of the most active directions in
modern biomedicine. Traditional antibody engineering ideas are similar to the directed evolution
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strategy in protein engineering, including steps such as antibody library construction, display
screening and directed evolution. Its principle is to simulate the antibody production and affinity
maturation process in the natural immune system, thereby obtaining candidate antibodies with
specific binding capacity [76]. Since the establishment of phage display technology, researchers
have successively developed methods such as humanization, fully human antibody screening and in
vitro affinity maturation, which have greatly promoted the development of antibody drugs [77].
However, traditional antibody engineering methods are highly dependent on large-scale random
mutagenesis and experimental screening, with long R&D cycles and high costs, and the process is
close to a black box, with limited utilization of antigen structure information [76, 78]. In recent
years, breakthroughs in artificial intelligence in the fields of protein structure prediction and de novo
design have also brought new ideas to antibody engineering, providing a new technical path for
efficiently obtaining high-performance antibodies.

In traditional antibody engineering, researchers often focus on screening antibodies with high
affinity. However, with the deepening of antibody drug development, properties such as non-specific
binding, self-aggregation, solubility and pharmacokinetics of antibodies have also become important
reference factors determining the clinical translation potential of antibodies [79]. Traditional
antibody engineering centered on directed evolution strategies is difficult to meet the actual demand
for simultaneous optimization of multiple properties. To solve this problem, machine learning and
deep learning have been introduced into the field of antibody design. In 2021, Mason's team used
the HER2 antibody trastuzumab as a model and realized direct prediction of antigen specificity from
antibody sequences using convolutional neural networks [80]. Computational antibody design has
also developed into the most cutting-edge research direction in antibody engineering.

5. Conclusion

As an important bridge connecting molecular biology, biochemistry and biotechnology, protein
engineering has become one of the core technologies driving the development of drug research and
development, agricultural improvement and synthetic biology. Protein function essentially originates
from the correspondence among amino acid sequences, three-dimensional structures and biological
functions. For a long time, researchers have mainly relied on traditional strategies dominated by
directed evolution and rational design to modify natural proteins. Through continuous accumulation
of experimental data and mechanistic understanding, important breakthroughs have been achieved
such as improved enzyme activity, expanded substrate spectrum, optimized antibodies and
reconstructed metabolic pathways. However, the huge complexity of protein sequence space and the
incomplete understanding of sequence-structure-function relationships have gradually caused
bottlenecks in the development and application of traditional protein engineering.

In recent years, the rapid development of artificial intelligence technology has injected new
vitality into protein engineering. Deep learning models represented by AlphaFold2 have
significantly improved the accuracy and efficiency of protein structure prediction, making it possible
to resolve the correspondence between protein sequences and structures [10]. Meanwhile, scientists
have also set their sights on the design of entirely new proteins. Generative models such as
RFdiffusion and ProteinMPNN have greatly promoted the development of de novo protein design,
enabling protein engineering to break out of the framework of natural proteins [12, 13, 51]. On this
basis, multimodal foundation models such as ESM3 have realized unified modeling of sequence,
structure and function information, making it possible to directly generate candidate proteins from
functional requirements [59]. The rapid development of artificial intelligence has driven the
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transformation of protein engineering from experience-driven and trial-and-error driven to data-
driven and prediction-driven.

Nevertheless, the addition of artificial intelligence is not intended to completely replace
traditional protein engineering, but to deeply integrate with rational design and directed evolution to
form a new DTBL paradigm. Machine learning models can identify potential patterns from massive
data, assisting researchers in predicting key mutation sites, optimizing screening strategies and
generating candidate proteins; while experimental verification and directed evolution continue to
undertake the important tasks of function confirmation and performance optimization. The two
promote each other and jointly constitute the development framework of modern protein
engineering. In the future, with the continuous accumulation of high-quality experimental data and
the development of automated experimental platforms, closed-loop iteration between artificial
intelligence models and experimental systems is expected to further improve protein design
efficiency [35].
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