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achieve with wild-type proteins. In recent years, rapidly advancing artificial intelligence (AI) approaches—such as
machine learning and protein language models—have further expanded both the range of applications and the
operational efficiency of directed evolution, yielding unprecedented achievements in the engineering of enzymes,
antibodies, biosensors, and more. In this review, we first outline classic strategies and emerging techniques for
mutagenesis and functional selection in traditional directed evolution, followed by an in-depth examination of various
continuous directed evolution systems. We highlight common limitations of directed evolution, emphasizing issues
such as constrained search space and susceptibility to local optima. Combining rapidly iterated Al methods with
directed evolution offers promising solutions to these challenges. Protein language models, in particular, leverage
learned patterns from experimental variants alongside fundamental protein properties, providing superior predictive
accuracy for unexplored mutants and facilitating the extrapolation of sequence-function relationships to broader
sequence space. Al-based methods enhance directed evolution workflows from multiple perspectives. De novo protein
design and unsupervised protein language models aid in generating functional starting sequences with targeted
sequence diversity. Machine learning models trained on experimental data enable the construction of optimized mutant
libraries tailored for subsequent selection rounds. Additionally, models derived from statistical physics and dynamical
systems help extract detailed functional information from data acquired across multiple selection rounds. Collectively,
these machine learning approaches significantly enhance the overall efficiency of directed evolution. To illustrate the
transformative potential of machine learning-assisted directed evolution, we discuss exemplary cases of protein
function improvement and modification. Lastly, we briefly address ongoing challenges and future directions in this

rapidly evolving and promising research area.
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1 EAREFHEMICA

Table 1 Summary for protein language models
A BUE S B EA SR I ZRBH A Bt
Protein language model ~ Year Parameters Training data size Architecture
ProtVec!®”! 2015 — Swiss-Prot 0.55M sequences Word2Vec
SeqVec!™ 2019 93M UniRef50 33M sequences BiLSTM
UniRep'™! 2019 18M UniRef50 24M sequences mLSTM
TAPE (Transformer)”™ 2019 38M Pfam 31M protein domains seqeunces Encoder-only
ProGen!”*7* 2020 1.2B 280M sequences from 5 sources Decoder-only
ESM-1b"! 2021 650M UniRef50 27.1M sequence Encoder-only
ESM-1v" 2021 650M UniRef90 98M sequence Encoder-only
MSA Transformer”” 2021 100M 26M multiple sequence alignments Axial
Transformer
ProteinBERT"* 2022 16M UniRef90 106M sequences Encoder-only
ProtGPT2!™ 2022 738M UniRef50 45M sequences Decoder-only
ProtT5 (ProtTrans)*” 2022 3B(XL)/11B(XXL) BED + UniRef50 2.3B sequences Encoder-
Decoder
ESM-21*" 2023 8M~15B UniRef50 60M sequences Encoder-only
ProGen2"™ 2023 151M~6.4B UniRef90+BFD30 1B sequences Decoder-only
Ankh™® 2023  450M(base);1.15B(large) UniRef50 45M sequences Encoder-
Decoder
PoET™ 2023 604M UniRef50 29M sets of homologous sequence Decoder-only
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