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Abstract

The messenger RNA (mRNA) sequence plays a central role in expressing
functional proteins from genes. Species-specific nonuniform codon choices
influence key processes, including mRNA stability, translation accuracy and
efficiency, and cotranslational folding. As evolutionarily selected codon se-
quences encode multiple overlapping, yet often subtle, signals, advanced
deep learning models are needed to identify their statistical patterns. This
review summarizes recent progress in artificial intelligence (AI) models that
operate at the codon level, including both discriminative and generative
approaches. We discuss codon language models and their application to
downstream prediction tasks, as well as generative models used to design
codon sequences for heterologous expression and to recode proteins for
improvedmRNA stability and expression.Finally,we highlight studies lever-
aging codon-based AI models to gain insights into molecular evolution and
outline several open problems in this rapidly developing field.
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1. INTRODUCTION

Artificial intelligence (AI) models, powerful computational tools that learn from data, have rev-
olutionized protein science. Once trained, AI models capture the underlying distributions of
functional proteins, and they can be used to predict protein properties and even sample, or
generate, novel proteins from the learned distribution. Notable examples include AlphaFold (1)
and ProteinMPNN (2). AlphaFold predicts a protein’s structure from its amino acid sequence;
ProteinMPNN designs amino acid sequences compatible with a given structure. An important
subclass of AI models are language models (LMs), which learn meaningful representations of the
data and can be used in downstream tasks. In protein science, protein LMs (pLMs) learn from the
databases of protein sequences and even incorporate richer protein modalities, such as structure
(3–5; for recent reviews, see 6–9). Nonetheless, pLMs exclusively represent protein sequences at
the abstraction level of amino acids (10).

Genomic LMs (gLMs) model nucleotide sequences (11–13) and can be applied to genomic,
downstream prediction, and generative tasks (for recent reviews, see 14, 15). Genomes encode
sequence types encompassing regulatory elements, noncoding RNA genes, and extensive inter-
genic DNA. Therefore, although coding sequences are part of the training sets, they are only a
fraction of the data modeled by gLMs (16). A biologically meaningful and compact representa-
tion for coding regions is a sequence of codons, the language of the ribosome. As outlined in the
biological background below, substantial evidence shows that codon-level signals are critical for
functional protein synthesis. Here, we discuss recent AI-based studies that model proteins at the
level of species-dependent codon sequences.

AI models are often classified as discriminative or generative. Discriminative models learn to
predict, classify, or score inputs with discrete or continuous labels. More formally, they learn the
likelihood p(y|x) of an output y (e.g., codon label or expression level), given an input codon se-
quence x. Generative models aim to model the underlying data distribution p(x), allowing them to
sample, or generate, new, realistic codon sequences from this distribution. Codon-based AI mod-
els do not necessarily adhere to these boundaries, in that both model types are used to predict
properties and generate codon sequences.

This review is organized as follows: After a biological background, we highlight codon LMs
(cLMs) developed to represent coding sequences, along with the downstream tasks to which they
have been applied. Then, we describe generative models for codon sequences. Because codon se-
quences are species dependent, we distinguish between generative tasks aimed at heterologous
expression and those focused on optimized endogenous expression. Finally, we discuss evolu-
tionary insights derived from analyzing AI models of codon sequences and conclude with future
directions.

2. BIOLOGICAL BACKGROUND

Proteins are macromolecules built from 20 amino acids, encoded by 61 codons. The codon vo-
cabulary is degenerate: Except for methionine and tryptophan, each amino acid can be specified
by two to six codons, dubbed synonymous. Consequently, there are exponentially many theoreti-
cal codon encodings for each protein sequence. Early analysis of different genomes revealed that
there are preferred codons within a genome, a phenomenon termed “codon bias” (17–19). Some
codons are optimal, in that they can be decoded rapidly and accurately by efficient recruitment
of cognate charged transfer RNAs (tRNAs) (20–22). Efficient recruitment depends on both the
supply of charged tRNAs and the codon demand in expressed genes (23). Multiple computational
indices were developed to quantify this (for reviews, see 24, 25). Producing sufficient amounts
of functional proteins requires passing through several steps: synthesis of stable messenger RNA
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(mRNA) through transcription and maturation, efficient and accurate translation after proper ini-
tiation, correct folding of the nascent polypeptide, and appropriate posttranslational modification
and localization. We outline how codon encodings impact these processes.

The codon sequence influences mRNA transcription (26). Nonoptimal codons significantly
suppress transcription through chromatin modification, as shown in Neurospora (27), in yeast,
and in mammals (28–30). Radrizzani et al. (31) proposed that in humans, negative selection on
codon use can reduce unwanted transcripts. The codon sequence also affects mRNA maturation,
as synonymous mutations can disrupt splicing and cause disease (32, 33).

Translated and untranslated regions of the mRNA influence its stability (34–38). The quan-
titative measure of stability, mRNA half-life, varies widely among species—from ∼1 to 18 min
in Escherichia coli (39) to a median of ∼10 h in human cells (40). Within an organism, transcripts
enriched in optimal codons have longer half-lives, whereas enrichment in nonoptimal codons
accelerates decay through mRNA turnover (23, 41). For example, in Drosophila and Neurospora,
ribosomal stalling on nonoptimal codons can induce premature termination (42). Translation-
independent decay also contributes, with its relative importance varying across systems (43–45).
The computational estimation of mRNA minimum free energy (MFE) (46, 47) was shown to
correlate with in vitro mRNA half-life measurements (48).

The ribosome decoding speed depends on the availability of charged tRNA and codon–
anticodon wobble (49). The tRNA supply depends on its concentration in the cell (50) and may
vary, e.g., depending on cellular state or induced stress (51–54). Codons with abundant cognate
tRNAs are decoded rapidly and accurately (20–22). Thus, translation speed, and consequently
efficiency, depends on codon use (55, 56). In E. coli and in eukaryotic cells, it was shown that posi-
tions coding for conserved amino acids are biased to more frequent codons (22, 57–60), suggesting
that selection favors optimal codons to minimize translational errors. Tuller and coworkers (61,
62) proposed that the 5′ region of the coding sequence influences the initiation efficiency by us-
ing slowly translated codons to reduce ribosome collisions, thereby creating a ramp; this model
remains debated (63–65).

A mismatch between codon composition and the tRNA pool places a burden on the organism
(66). Codon demand and tRNA abundance can be viewed as an evolved, dynamic market.Disturb-
ing this market affects the efficiency with which genes are translated (67). For example, to offset
mismatches imposed on the host tRNA pool by viral codon usage, some viruses enhance trans-
lational efficiency by encoding some of their own tRNAs (68, 69). The tRNA adaptation index
(tAI) computationally quantifies this relationship (70, 71) and was shown to correlate with protein
expression levels (72).

Cotranslational folding, or the folding of the nascent chain as it emerges from the ribosome, is
shaped by the pace of translation (73, 74). Excessively slow and excessively fast elongation can pro-
mote misfolding and aggregation (75–77). Thus, codon choice regulates nascent protein folding
via translation speed. For instance, Zhang et al. (78) showed that replacing rare codons with abun-
dant ones disrupted folding of a bacterial protein both in vitro and in vivo. Buhr et al. (79) reported
that differences in synonymous codons between Bos taurus and their harmonized heterologously
expressed E. coli counterparts led to distinct protein conformations. Conformational change can
even impact function: Sander et al. (80) showed that using rare codons in a two-state designed
fluorescent reporter protein altered its cotranslational folding, leading to marked differences in
fluorescence.

As coding sequences encode signals required in the synthesis of well-folded proteins, they are
under evolutionary selection (81, 82). In some cases, the selection of a specific codon is essential for
proper function, as evidenced by human diseases due to synonymous mutations that alter splicing,
mRNA stability, or translation efficiency (83, 84). However, this does not apply to all positions.
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Rather, in many positions—possibly most—the choice of the synonymous codon is under nearly
neutral selection (81, 85). Furthermore, that the codon sequence encodes multiple interdependent
layers of regulation makes the disentangling of individual effects difficult (85).

The effect of a codon depends on its sequence context and epistatic interactions within the
sequence. For example, the effects of synonymous mutations in the CFTR gene were shown to
depend on disease-causing missense mutations in other parts of a sequence, and the combination
resulted in a positive epistatic effect on the folding of the nascent peptide chain (86). Such nonad-
ditive, context-dependent interactions represent a significant challenge to the modeling of local
and long-range interactions with frequency-based or simple statistical models (87).

Substantial amounts of data are required to achieve statistical significance when identifying
those complex patterns. However, as these patterns are species specific, the effective dataset is
limited by proteome size, ranging from hundreds to tens of thousands of genes. This restricts
the level of confidence with which such signals can be identified. Thus, sophisticated statistical
machines like contemporary deep learning models are needed to learn the underlying patterns of
codon usage from the available data.

3. CODON-BASED ARTIFICIAL INTELLIGENCE MODELS
FOR REPRESENTATION

The design and training choices of an AImodel intended for use in downstream tasks are generally
guided by those tasks. The task determines which modality encodes the most relevant biological
signal, such as the codon sequence, amino acid sequence, or protein structure. One must also
decide on the model’s architecture. For cLMs, the models are almost universally based on trans-
formers (15), which can efficiently handle input lengths typical of codon sequences (88). One
should also determine training data. Large datasets of unlabeled codon sequences are used to
self-supervise the training of cLMs. Typically, the datasets are functionally and phylogenetically
diverse (89–91), although some models train on specific protein types such as antibodies (88) or
specific taxonomic groups (92). When training on taxonomically diverse datasets, an input token
specifying the source organism is often added. Larger models, with more parameters, can lead to
better results, but they require more training data and computational resources (89, 90, 93).

The loss functions guiding the self-supervised training of codon sequence models vary. Let a
codon sequence of length n be marked by X = (x1, x2, . . . , xn ); each of the positions xi is a codon
among the 61 alternatives. The model is trained to assign a probability to each combination of
position and codon type (Figure 1a). Most commonly, masked language modeling (MLM) and
its variants are used. In MLM, the model is trained to predict one or many masked positions,
given all other unmasked codons in the sequence, namely, to maximize P(xi|X\mask ), ∀i ∈ mask.
If the amino acid in each position is known, the model can restrict its predictions to the subset
of synonymous codons (88, 91, 94, 95). Causal language modeling (causal-LM; while this is often
denoted CLM; we use causal-LM to avoid confusion with cLMs) is an alternative approach where
the model, typically a decoder, is trained to predict the kth codon, given all its preceding codons,
namely, to maximize P(xk|x1, . . . , xk−1 ). The loss function can also combine more than one task:
For example, Li et al. (96) trained on sequence taxonomy prediction (STP), identifying whether
two (masked) codon sequences are from the same taxonomic class, in addition to MLM.

As mentioned above, cLMs compute, for each of the n input positions, the probabilities of the
61 codon types. These probabilities are a function of the values of the nodes in the last layer,
which in turn are a function of their previous layers. The d-dimensional vectors with the values
in this last layer (d is fixed and depends on the model architecture) are referred to as the model’s
latent space, or embeddings (see Figure 1a). The embeddings contain meaningful information
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Figure 1

An overview of codon-based artificial intelligence models and their downstream applications. (a) cLMs rely
on different input modalities (codon sequences, amino acid sequences, protein structure, UTRs, and
taxonomic labels) and different modeling schemes (MLM and causal-LM). The models are deep networks
with multiple layers. The last embedding layer of d dimensions is used to calculate codon probabilities.
Weights, or model parameters, are iteratively updated to optimize the loss function(s). (b) Discriminative
cLMs tokenize coding sequences, in some cases combined with taxonomic information. The learned
embeddings are then used as input to fine-tuned networks that predict downstream properties, or used
directly in zero-shot prediction. (c) Generative models use diverse inputs to sample, or generate, codon
sequences for distinct goals: codon optimization, back-translation, and codon sequence design. Circled in a
dashed line are the generative models that sample both codon and amino acid sequence space. Abbreviations:
causal-LM, causal language modeling; cLM, codon language model; MLM, masked language modeling;
UTR, untranslated region.

and can be used as input features to downstream tasks, where specialized networks are fine-tuned
on smaller, labeled datasets. Note that any single, or combination, of layers in the trained model
can be used as the embeddings for a downstream task. We list examples below and in Table 1.

Embeddings from cLMs can also be visualized after dimensionality reduction [with t-SNE (97)
or UMAP (98)] to better understand their learned interrelationships. Embeddings of synonymous
codons differ from each other (89, 90, 95, 96), yet they are closer to each other than to those of
nonsynonymous ones (89, 90, 96).Embeddings of codons in the samewobble pair are also closer to
each other (90, 95).The cLM latent spaces are also taxonomically coherent: Averaged embeddings

www.annualreviews.org • Modeling the Language of Codons with AI 479
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Table 1 Datasets and expression systems used for evaluating codon language models across biological processes

Biological process Dataset Type of expression host
Evaluated codon
language models

Dataset
reference(s)

mRNA abundance RNA sequencing datasets Endogenous CaLM, CodonBERT 109–112
TDH3 in Saccharomyces
cerevisiae

Endogenous SynCodonLM 108

GFP in S. cerevisiae Heterologous SynCodonLM 108
Transcript abundance in human

tissues
Endogenous mRNA-LM 132, 133

mRNA stability mRNA decay rate in human
and mouse dataset

Endogenous EnCodon, DeCodon,
mRNA-LM

113

mRNA decay rates of
randomized 100–amino acid
transcripts in zebrafish
embryos

Heterologous CodonBERT,
mRNA2vec, HELM

114

RNA decay rate of synonymous
variants of enhanced GFP,
multi-epitope SARS-CoV-2
vaccine, and NanoLuc
luciferase

In vitro CodonBERT,
mRNA-LM

48

Degradation of participant-
designed RNA vaccine
sequences

In vitro HELM, CodonBERT 115

RNA toxicity Effect of expression of
synonymous GFP variants on
Escherichia coli growth

Heterologous SynCodonLM 116

Ribosome occupancy Ribosome profiling data Endogenous EnCodon, DeCodon 118
Protein function Gene Ontology terms NA CaLM 192

Subcellular localization NA CaLM 192
Pathogenecity effect in human Endogenous EnCodon, DeCodon 138
Fitness derived from deep

mutational screening dataset
Endogenous EnCodon, DeCodon 137

Protein abundance FolA in E. coli Endogenous CO-BERTa 92
Viral protein in human cells Target host CodonBERT, HELM 96
Curated datasets Endogenous CaLM 135
Viral proteins in human cells Target host mRNA-LM 130
Proteins in human tissues Endogenous mRNA-LM 132
GFP and VHH in E. coli Heterologous CO-BERTa 92
Monomeric red fluorescent

protein in E. coli
Heterologous EnCodon, DeCodon,

CodonBERT,
SynCodonLM,
mRNA2vec, HELM

129

GFP in E. coli Heterologous SynCodonLM 128
Proteins from all

superkingdoms in E. coli
Heterologous CodonBERT 134

Protein properties Solubility in human cell lysate Endogenous CaLM 139
Stability in 13 species Endogenous CaLM 141

Species Species identity NA CaLM 192

Abbreviations: GFP, green fluorescent protein; mRNA, messenger RNA; NA, not available.
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of proteins cluster according to their source species; Outeiral &Deane (90) showed that ones from
different superkingdoms are distinct, whereas those from the same order overlap, and Li et al. (99)
showed clustering by biological taxa. An exception to this are highly conserved sequences such as
ribosomal proteins or cell cycle enzymes from different species that are embedded near each other
(90). Dimensionality reductions aim to preserve local neighborhoods in the original latent space,
but their visual representation may be distorted, and thus should be interpreted with caution.
Outeiral & Deane (90) argue that as cLMs learn the nonequivalence of synonymous codons—a
signal inaccessible to pLMs, which treat them as a single token—their embeddings are richer than
those output by pLMs.

3.1. Highlighting Trained cLMs

EnCodon is a suite of cLM models of varying scales (from 80M to 1B trainable parameters),
trained with MLM on the National Center for Biotechnology Information (NCBI)’s Genomes
database (60M sequences from over 5,000, mostly bacterial, species) (89). The DeCodon models
were trained with causal-LM and conditioned on a species token (89). EnCodon and DeCodon
also have variants that were further trained on data from 227 eukaryotic species. Naghipourfar
et al. (89) compared the performance of EnCodon/DeCodon models to other gLMs and cLMs
on prediction tasks including protein expression, mRNA stability, fitness, and pathogenicity ef-
fects. They show that larger models perform better and that the fined-tuned causal-LM model
outperforms its MLM counterpart.

CaLM, the codon adaptation language model, is an ESM-like model (100) with 86M pa-
rameters, trained with MLM on over 9M nonredundant, diverse-taxa codon sequences from the
European Nucleotide Archive (90). Outeiral & Deane (90) compared the performance of CaLM
to other pLMs in predicting protein function, subcellular localization, melting point, and solubil-
ity. They showed that their cLM matches or outperforms pLMs of comparable size, and in some
cases, even ones 50 times larger.

CodonBERT is a 110M-parameter model trained on 10M codon sequences spanning a diverse
set of species (mammals, E. coli, human viruses, and yeast) (96). Its loss function is unique in that
it combines MLM and STP, with the latter predicting whether two input sequences are from the
same taxonomical category.Li et al. (96) compared the performance of CodonBERT tomore naïve
methods (in that all but one are smaller, nontransformer models) on a diverse set of downstream
tasks related to mRNA translation, stability, regulation, and protein expression and showed that
the codon-basedmodels outperform the nucleotide-based ones onmost tasks.mRNA-LMextends
CodonBERT by coembedding the codons with encodings of the 5′ and 3′ untranslated regions
(UTRs) (99). Li et al. (99) show that mRNA-LM performs better on tasks related to mRNA
stability, translation rate, transcript abundance, and protein expression. Thus, they demonstrate
that the UTR of mRNAs, known to play an integral role in protein synthesis, can enrich the
learned signal in codon-based AI models.

CodonTransformer is a 90M-parameter model based on the BigBird transformer, a BERT
variant developed for long sequences (91). It is trained with MLM on two datasets: Pretraining is
on 1M codon sequences from 164 species. Then, it is trained on the top 10% of the genes from
13 representative species, with highest codon similarity index (CSI). The computational CSI is
used to select predicted high-expression genes (101). CodonTransformer implements an amino
acid–specific masking to inform the model of the amino acid sequence. Although CodonTran-
former is an encoder-only LM, Fallahpour et al. (91) use it to generate codon sequences (see
Section 4.1).

SynCodonLM is trained on 66M codon sequences of nearly 35,000 unique and diverse species
fromNCBI RefSeq (95). In SynCodonLM, approximate information about the species’ codon bias

www.annualreviews.org • Modeling the Language of Codons with AI 481
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is added to the input codon tokens. The species-specific information is approximated to avoid as-
signing a unique token per species. Rather, these are clustered into 501 groups based on their
relative synonymous codon usage profiles. The amino acid sequence of each protein is passed
as input and SynCodonLM uses a variant of MLM, which restricts predictions to its synony-
mous codons. Heuschkel et al. (95) compared the performance of SynCodonLM to other cLMs
(including CodonTransformer) on fivefold cross-validation prediction of mRNA toxicity, tran-
script abundance, and protein expression. They show that on the seven datasets they consider,
SynCodonLM performs comparably or better than other cLMs.

mRNA2vec (102) is trained on over 500,000 mRNAs from human, rat, mouse, chicken, and
zebrafish. mRNA2vec includes up to 102 nucleotides of 5′ UTR, tokenized as codons together
with the coding sequence. Also, it is not a transformer-based model; rather, it follows the data2vec
self-distillation framework (103). The model has a student network that is presented with masked
input (where the masking probability is higher around the start codon) and a teacher network
that is presented with unmasked input. Both networks output embeddings for two downstream
prediction tasks ofMFE and RNA secondary structure.The training loss has terms comparing the
student and teacher outputs and the accuracy of the predictions. Zhang et al. (102) compared their
model with CodonBERT and demonstrated that it performs equivalently in predicting protein
expression and outperforms CodonBERT in predicting mRNA stability.

3.2. Codon-Related Downstream Tasks

Downstream tasks for cLMs differ from those of pLMs for two main reasons: The benchmark
datasets that were originally developed to evaluate pLMs (104–106) include protein properties,
yet their codon sequences are often unavailable. In fact, it is often impossible to retrieve the cod-
ing sequence used in experiments, as proteins are frequently codon-optimized with proprietary
algorithms and the coding sequence is not documented. Also, cLMs encode codons, and as such
they can predict downstream tasks related to mRNA. These include predicting the abundance
of transcripts, the stability of mRNAs (either in vivo or in vitro), and the overall translation and
folding success. Note, however, that most cLMs process only the protein-coding sequence even
though mature mRNAs contain 5′ and 3′ UTRs essential for mRNA stability and for its transla-
tion by the ribosome. These downstream tasks are used not only as tasks in their own right but
also to compare the performance of cLMs. Figure 1b outlines the inputs and trained cLMs, and
Table 1 lists the downstream prediction tasks and models whose embeddings were used to solve
them.

3.3.1. mRNA abundance. mRNA abundance can be quantified at the transcriptome level using
RNA sequencing (RNA-seq) measurements from deep sequencing of converted complementary
DNA (cDNA) fragments (107). Chen et al. (108) quantified mRNA abundance of degenerate
libraries of green fluorescent protein (GFP) and TDH3 proteins in Saccharomyces cerevisiae, repre-
senting both heterologous and endogenous expression. More broadly, curated databases, such as
the Gene Expression Omnibus (109), Expression Atlas (110), Sequence Read Archive (111), and
the MycoCosm database (112), include experimental datasets for diverse tissues and species. Pre-
dicting transcript abundance integrates multiple transcript-level factors, including transcription
rate and mRNA stability.

3.3.2. mRNA stability. Datasets with mRNA stability information obtained in vitro or in vivo
are used for evaluation. Agarwal & Kelley (113) compiled mRNA half-life data of diverse coding
sequences across diverse conditions from 39 human and 27 mouse experiments. Diez et al. (114)
injected in vitro–transcribed libraries of randomly generated 100–amino acid proteins, i.e., pro-
teins that were not under evolutionary selection, into zebrafish embryos and measured mRNA
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abundance over time. Leppek et al. (48) measured in vitro RNA decay of synonymous variants
of the enhanced GFP (eGFP), multi-epitope SARS-CoV-2 vaccine, and NanoLuc luciferase, by
tracking over time the integrity of mRNA in a magnesium-containing buffer. Wayment-Steele
et al. (115) also have in vitro RNA degradation profiles.

3.3.3. RNA toxicity. Heterologous expression can decrease a cell’s fitness by creating a burden
due to increased demand on its resources. Mittal et al. (116) characterized the effect of express-
ing 347 synonymous variants of GFP in E. coli on bacterial fitness. They demonstrated that the
reported impact of expression was independent of translation and that growth inhibition was due
to mRNA toxicity.

3.3.4. Ribosome occupancy. Ribosome profiling (Ribo-seq) experiments measure nucleotide
and transcript resolution of ribosome occupancy by sequencing mRNA fragments that are
ribosome-protected during translation from nuclease digestion (117, 118). These data reveal
slowly or rapidly translated regions and identify codons that cause ribosomal stalling. Although
cLMs can model such patterns, the ones described above did not, and only a simpler codon-
aware machine learning model did (119). Note that Ribo-seq data are noisy and susceptible to
experimental biases (120–122).

3.3.5. Species identity. CaLM demonstrated that the codons carry a richer species-specific
signal than amino acids (123–125). Thus, cLMs can predict taxonomic information (89, 92,
95). Solving this task is valuable in contexts where the species is unknown, for example, in the
taxonomic classification of metagenomic contigs (126, 127).

3.3.6. Protein expression. The amount of produced protein can be measured directly or with
a readily measured function as proxy (e.g., fluorescence). Expression datasets vary widely in scope
and design. Some datasets contain only synonymous variants of one protein, denoted degener-
ate libraries, and aim to capture the relationship between codon choice and translation efficiency.
Others include measurements for codon sequences of diverse amino acid sequences. Constant
et al. (92) designed degenerate libraries for GFP and an anti-HER2 VHH domain, measuring
expression in E. coli via fluorescence and activity-specific cell enrichment. They also constructed a
degenerate library for E. coli FolA, where highly expressed variants were selected with two folate
biosynthesis inhibitors. Schmitz & Zhang (128) measured the expression of a GFP degenerate
library in E. coli. Nieuwkoop et al. (129) designed three degenerate libraries for the monomeric
red fluorescent protein, in which codons were uniformly and randomly picked, more frequent
synonymous codons were favored, and less frequent synonymous codons were favored. They
quantified abundance by a combination of fluorescence-activated cell sorting, flow cytometry, and
a microplate reader. Li et al. (96) transcribed a library encoding a viral hemagglutinin protein,
transfected it into HeLa cells, and quantified protein levels in lysates by ELISA (enzyme-linked
immunosorbent assay). Zhang et al. (130) transfected in HEK293 cells synonymous codon se-
quences for viral proteins designed with their LinearDesign algorithm. Eichhorn et al. (131)
measured protein expression per transcript using Ribo-seq and RNA-seq from two human cell
types, while Wang et al. (132) curated transcript and protein abundance data from 29 healthy
human tissues from the Human Protein Atlas (133). Boël et al. (134) generated a dataset of
6,348 naturally evolved proteins from all three superkingdoms (<60% amino acid identity) ex-
pressed in E. coli. They visually inspected the expression in whole-cell lysates on SDS-PAGE and
classified it into one of five categories. These data capture translation efficiency in a heterologous
expression context, where codon–tRNA relationships differ from those in the native host. Pro-
tein expression data for a diversity of species is curated in the Protein Abundance Database (135).
Recent advances in mass spectrometry–based proteomics approaches have made it possible to
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measure protein abundance rapidly, quantitatively, sensitively, and specifically across diverse sam-
ple types, including bulk tissues, single cells, and heterogeneous populations (136).These methods
represent a potential rich source of data for fine-tuning cLMs.

3.3.7. Protein function. Predicted functions from cLM embeddings are subcellular localiza-
tion annotations, as well as Gene Ontology (GO) terms (molecular function, cellular component,
and biological process) of SwissProt proteins. Another way of framing this task is to predict the im-
pact of codon sequence variants on fitness or pathogenicity. Data from deep mutational screening
datasets, such as MaveDB (137), and repository datasets, such as ClinVar, which catalogs human
variants (138), were used to this end (89).

3.3.8. Protein stability and solubility. Sridharan et al. (139) includes a dataset of protein-wide
solubility, using as proxy measurements of the protein abundance in an SDS-treated fraction of
human cell lysates (140). The Meltome Atlas has melting temperature data determined by mass
spectrometry for proteins from 13 species and 19 human sample types (141).

4. GENERATIVE MODELS

Generative models sample codon sequences for a protein sequence to be expressed in a target
organism, and potentially a specific cell type or tissue. AI generative models offer a path to train
models from naturally occurring sequences, i.e., those selected by evolution, and then sample
statistically similar patterns. The data available to train an organism-specific model are limited to
the genes of that organism. Larger datasets can be constructed by pooling sequences from many,
possibly taxonomically related, species.

Once trained, the sequences generated by a model should be evaluated. The simplest case is
when the protein is naturally expressed in the organism, meaning there is a textbook solution
identified by evolution. This evolutionarily selected codon sequence can be used to evaluate the
sequences generated by the AI model (Section 4.1) or to study the evolutionary process itself
(Section 5). There are different ways to sample, or generate, sequences from a trained model, and
we highlight those that are currently used (Section 4.2).

AI and earlier computational models were mostly developed in the context of heterologous ex-
pression, where the goal is to generate codon sequences for which there are no existing solutions
provided by evolution (Section 4.3). In heterologous expression, recombinant proteins are pro-
duced in a host organism different from their native one. This process has applications ranging
from biochemical research to pharmaceutical manufacturing and industrial biotechnology. For
example, E. coli BL21(DE3) cells are among the most widely used systems owing to their rapid
growth and ease of manipulation (142), and mammalian cells are better suited for expressing gly-
coproteins such as antibodies because they perform necessary posttranslationalmodifications (143,
144). The constraints on the generation of the codon sequence for heterologous expression can
be relaxed, allowing for a species-specific adaptation of the protein sequence (Section 4.4). We
also describe the use of generative models to recode the codon sequences of naturally occurring
proteins within the same species for pharmaceutical application (Section 4.5). Finally, we describe
how generative models are used to score codon sequences (Section 4.6).

4.1. Generative Models and Their Evaluation

Early studies trained models for codon sequence generation in E. coli and used recurrent neural
network architectures because these can be effectively trained on the relatively scarce data. Fu
et al. (145) used ∼5,000 E. coli sequences to train a bidirectional long short-term memory (Bi-
LSTM) network on amino acid sequences that autoregressively outputs codon sequences (or a
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codon box, which is a group of codons). iCOR is another Bi-LSTM model that was trained on
∼7,000 amino acid–redundant E. coli genes (146). More recent models use attention layers, which
incorporate information from distant positions. CO-T5 (92) is an amino acid–to-codon encoder–
decoder model with transformer layers that was pretrained on a larger set of protein sequences
from high-quality genomes from the Enterobacterales order and conditioned on the host genome.
Thus,CO-T5 learned from a richer dataset while maintaining specific E. coli knowledge. Recently,
the transformer model DeepCodon was trained to autoregressively generate a codon sequence
for E. coli from an amino acid sequence (147). DeepCodon was trained on a larger dataset of
Enterobacteriaceae sequences: first pretraining on a nonredundant set of ∼1.5 million sequences
and then fine-tuning on ∼68,000 sequences.

CodonTransformer is a multispecies transformer model (91). Typically, the architecture of
transformer-based generative models is an encoder–decoder (e.g., as in 94). CodonTransformer,
however, is an encoder-only model that is used for generation (one can view its last layer as a triv-
ial decoder). During training, CodonTransformer is fed with partially masked codon sequences
and full amino acid information from different organisms, with the goal of predicting the masked
codons. During inference, the input is the target organism and an amino acid sequence and the
model predicts all codons, albeit not autoregressively.

Evaluating generated codon sequences is difficult. When generating codon sequences of
nonnaturally occurring proteins (see Section 4.3), the most reliable way is to experimentally char-
acterize these generated sequences, measuring protein expression or function. However, as this is
extremely resource intensive, it is often limited to a small number of proteins, with an overrepre-
sentation of fluorescent proteins selected for their ease of functional screening.Constant et al. (92)
generated codon sequences for two E. coli proteins and experimentally validated that their CO-T5
sequences were more highly expressed than sequences optimized by the commercial GenScript,
Genewiz, IDT, and Twist algorithms. Fu et al. (145) experimentally showed that their tool gener-
ated codon sequences for two E. coli proteins that were more highly expressed than those of the
commercial optimizers Genewiz and Thermo. Han et al. (147) compared the expression levels
of the codon encodings for 20 E. coli proteins generated by their DeepCodon tool to those opti-
mized by GenScript. Ravi et al. (148) measured the expression level of their AI-optimized codon
sequences for eGFP and firefly luciferase (FLuc) in corresponding cell lines, which were opti-
mized for mouse brain, liver, and muscle tissues. They showed that all their AI-optimized codon
sequences increased expression compared to the wild-type and GenScript-optimized sequences,
although it was not exclusive to the targeted cell line.

Many studies complement, and even replace altogether, the experimental evaluation with a
computational one. When generating a coding sequence for the heterologous expression of pro-
teins with native or evolutionarily selected counterparts, these target proteins can be excluded
from the training set (91, 94, 149).The sequence identity between the generated and native coding
sequences can be computed to evaluate generation. This, however, is a misleading framing of the
challenge, as evolutionary constraints do not define a unique solution. Fallahpour et al. (91) com-
pared 50 random held-out genes from highly expressed sequences in five organisms to their and
others’ generated sequences (the commercial optimizers Genewiz, IDT, and Twist, and iCOR for
E. coli). Rather thanmeasure the percentage identity between native and generated sequences, they
compared global statistical properties (such as GC content andMFE).They also demonstrate that
the corresponding sequences have similar codon patterns using %MinMax (150), which measures
the agreement in rare and common codon usage patterns, in a sliding window along the sequence.
Notice that to compare distributions of properties in a generated and naturally occurring set, there
is no need for a one-to-one correspondence between the two. Indeed, evaluation of global statisti-
cal measures can also be done for heterologous proteins with no naturally occurring counterparts
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in the target organism, and multiple studies compare the distribution of different such statistics:
codon adaptation index (CAI), content, tAI, codon frequency distribution, pairwise frequencies,
negative repeat elements, negative cis-regulatory elements, and the retention of conserved rare
codon clusters (91, 145–148). Only %MinMax has a short-window resolution; other metrics cap-
ture correlations at the complete coding-sequence level (151–154). Indeed, these measures cannot
capture instances in which a single codon is critical and a synonymous substitution has dramatic
impact on expression (155). Optimizing sequences to reproduce global statistical features, instead
of validating experimentally, risks missing the true determinants of expression.

4.2. How to Generate, or Sample, Codon Sequences

The term “generative” emphasizes that during inference, trained models can be used to sample,
or generate, codon sequences from the learned distribution. The most straightforward approach
is to use the generative models and autoregressively sample one or many sequences (156). The
conditioning used during training can guide the model during inference. For example, Ortholog-
Transformer (Section 4.4) is conditioned on the codon sequence and species in the source protein,
as well as the target species (149). The selection of codons during generation can be further tuned
with additional constraints. For example, Akiyama et al. (149) use a Monte Carlo tree search strat-
egy to look ahead during generation and consider the threemost favorable extensions, as evaluated
based on their GC content and mRNA stability, while Patel et al. (157) use the Monte Carlo tree
guidance with multiple objectives. Constant et al. (92) selected for in vivo testing the 10 best and
10 worst sequences from a much larger pool of 108 generated sequences, based on their predicted
expression by their companion discriminative AI model. The sampling procedure in RiboDecode
(Section 4.5) is based on gradient ascent on the scores of trained networks (158). The iCodon
model generates codon sequences that are optimized or deoptimized for mRNA stability by using
an algorithm that simulates an evolution-like process where the sequence iteratively accumulates
synonymous iterations under the supervision of mRNA stability predictions (114).

4.3. Generative Models Can Be Used to Generate Sequences
for Heterologous Expression

The most common goal of recombinant codon optimization is to sample, or generate, a sequence
among the exponentially many codon sequence alternatives coding for a given amino acid se-
quence that optimizes yield (159). This has been a long-standing task, for which there are non-AI
computational tools (160); for example, CHARMING (161) uses harmonization, which repli-
cates the codon frequency usage pattern in the source species with the codon bias of a target
species. Other proprietary codon optimization algorithms (e.g., GenScript, Genewiz, IDT, Twist,
Thermo) optimize predefined metrics and integrate negative design elements, typically with the
result of increasing the frequency of the target species’ frequent codons.

Curating data for training AImodels to generate highly expressed sequences can be challenging
because evolution is not necessarily optimizing expression, suggesting that not all data are suited
for training a model with this goal. Selecting only sequences from highly expressed proteins limits
the dataset, which may already be limited by the number of proteins in a single species. Also,
expression-level information may not be available for the target species.

Many of the abovementioned generative models (see Section 4.1) were trained for generating
highly expressed recombinant proteins. To this end, the developers of iCOR restricted their train-
ing data to E. coli genes with high CAI values, i.e., genes that use E. coli’s more frequent codons and
are assumed to be of highly expressed proteins (146).Constant et al. (92) trained alongside CO-T5
the CO-BERTa network, for predicting E. coli expression from the codon sequence. CO-BERTa,
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pretrained on the same dataset as CO-T5,was then separately fine-tuned on E. coli expression data
of∼150,000 codon variants of three proteins: the E. coli FolA and two heterologous proteins (GFP
from Aequorea victoria and a camelid VHH antibody domain). DeepCodon (147) was fine-tuned
on ∼68,000 sequences that were filtered for high CAI and tAI values, used as proxies for high
expression (24).

When optimizing codon sequences in humans, one may need to also consider the expressing
tissues.Hernandez-Alias et al. (162) showed that transcriptomics and proteomics data in theGTEx
and Human Protein Atlas include enriched/depleted codon patterns in specific tissues. They fur-
ther offered an experimental proof of concept whereby the codon sequences for heterologous
expression of eGFP and mCherry were optimized for human kidney and lung tissues. Ravi et al.
(148) developed Bi-LSTMmodels tailored for human brain, liver, and muscle tissues for heterol-
ogous expression of eGFP and the FLuc, trained on genes with the most abundant transcripts in
these tissues.

Maximizing translational efficiency by the near-exclusive use of frequent codons may lead to
excessively rapid or abundant translation, which can be toxic or impose a burden on the limited
resources of the host, thereby reducing cellular fitness (66, 163–167). Love & Nair (168) pro-
pose the alternative strategy of designing coding sequences that minimize competition with host
translational demands rather than maximize the use of common codons. Their implementation
empirically identifies codons linked to higher or lower heterologous protein expression to guide
coding sequence design. It is hard to imagine how to reproduce this orthogonal approach with AI
models, which generate codon sequences from learned patterns in naturally evolved proteins.

4.4. Relaxing the Constraints on Heterologous Proteins Codon Generation

The constraint imposed in heterologous gene optimization, whereby only synonymous codons
are considered, may be too strict. In fact, as Akiyama et al. (149) point out, naturally evolving
orthologous genes adapt to their host organism using nonsynonymous mutations, insertions, and
deletions. There are settings where it is not necessary to maintain the exact original amino acid
sequence, for example,when the goal is to efficiently produce a protein with a desired function, and
evenmore so if the protein will be further engineered in a tractable expression system.Two studies
propose codon generation of related, yet possibly different amino acid sequences. Akiyama et al.
(149) use a biocatalytical perspective to reframe the problem and train the deep learning model
OrthologTransformer to generate a codon sequence in a target organism orthologous to a given
input codon sequence in a source organism. CodonMPNN generates a codon sequence that will
fold in a target organism to an input structure (169).

The generative OrthologTransformer (149) is an encoder–decoder model, trained on ∼5M
pairs of orthologous genes from 2,138 bacterial species. During training, the goal is to generate,
given a source species codon sequence, the orthologous codon sequence in the target species.
Pretraining is on diverse bacterial species, and this diversity is advantageous: When testing on
cases with known orthologs in the target species, models trained on more organisms generate
sequences more similar to the evolutionarily selected ones. Finally, they fine-tune on data from
specific pairs of source and target species.

OrthologTransformer was used to generate codon sequences for a PETase protein from
Ideonella sakaiensis to be expressed in Bacillus subtilis, where there is no natural ortholog. Akiyama
et al. (149) validated that the proteins were expressed by quantifying the mRNA level with quan-
titative real-time PCR (polymerase chain reaction), the protein production and export out of
B. subtilis cells with western blot, and the activity by quantifying the PET (polyethylene terephtha-
late) degradation product with HPLC (high-performance liquid chromatography) and scanning
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electron microscopy assay measuring the MHET [mono(2-hydroxyethyl) terephthalate] levels
that are the primary hydrolysis product (149). Their experiments included 12 codon sequences
generated with OrthologTransformer (see below on sampling from generative models) and, as
controls, the sequence of the wild-type codons in I. sakaiensis and the sequence of most frequent
codons in B. subtilis. Their approach is successful: One of their generated orthologs dramatically
improved PETase expression and activity in B. subtilis.

Stark et al. (169) further relax the constraints with CodonMPNN and specify only the target
structure and organism. Their formulation is a redefined version of the classic protein design
problem (2). Rather than the established two-step approach—the first for generating the amino
acid sequence that will fold to the desired structure and the second for a codon sequence that
will lead to efficient expression of the protein in the target species—they propose a single step to
generate the codon sequence directly. Removing the intermediate constraint possibly renders the
challenge easier. They trained a model with an encoder–decoder architecture and graph neural
network layers modeling the protein structure. Also, rather than listing one token per organism,
they cluster the organisms based on the taxonomy map to pool the data into larger, equally sized
sets. The formulations and models by Akiyama et al. (149) and Stark et al. (169) are a step toward
unifying protein engineering with gene optimization, conceptually bringing protein design closer
to how evolution operates—introducing variation at the DNA level and selecting on function.

4.5. Recoding Sequences for Naturally Occurring Proteins (in the Same Species)

Another area for optimization is the recoding of proteins expressed in their native host. This dif-
fers from the case of heterologous expression, where no evolutionarily selected codon sequence
exists for the protein sequence in the target species. Here, such an encoding does exist, yet the
goal is to recode it, intentionally replacing the evolutionarily selected codons to enhance a desired
property, namely mRNA stability or protein yield. Indeed, natural codon sequences have been
optimized by evolution for their function, which does not necessarily maximize those properties
(156). Computational evaluation of recoded sequences presents a challenge because, by design,
they differ from their naturally evolved counterparts. Metrics that measure rare codon conserva-
tion in functionally relevant locations (156) or discriminative networks trained on features like
mRNA stability and protein expression (96) are used to evaluate designed sequences.

In mRNA-based vaccines and protein-replacement therapy, mRNA is delivered directly to the
patient cell, where the protein synthesis machinery produces the encoded protein (24, 158, 159).
The protein expression level affects the vaccines’ potency, immunogenicity, and efficacy (96). To
achieve strong immune responses with minimal dose, dose-efficient vaccines are optimized so that
the delivered mRNA yields robust antigen expression (157, 158, 170–173). Protein-replacement
therapy also benefits from stable mRNA that expresses proteins efficiently (24, 158, 174). In
mRNA vaccines and protein-replacement therapy, the sequence of the proteins cannot be altered,
and optimization is constrained to synonymous mutations. There are many optimizations: the
UTR, the 5′-cap, the poly(A) tail, the presence of modified nucleotides, and the delivery system
of the mRNA construct (99, 174, 175). Here, we focus on the optimization of codon recoding.

RiboDecode generates mRNA codon sequences for enhanced protein production (158). The
model consists of two trained networks: the translation model to predict expression level and
an mRNA stability predictor. The translation model, conditioned on tissue type, is trained on
320 paired Ribo-seq and RNA-seq datasets from 24 human tissues and cell lines, with over
10,000 mRNAs per dataset. The mRNA stability predictions are in terms of MFE, but unlike
dynamic programming tools like ViennaRNA/RNAfold (176) and LinearFold (177), it is a dif-
ferentiable network. The optimized codon sequence is generated iteratively, starting from the
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naturally occurring sequence and taking gradient ascent steps to optimize the scores predicted by
either one, or both, networks. Only synonymous codons are considered, leaving the amino acid
sequence intact.

Li et al. (158) use RiboDecode for recoding in both abovementioned tasks.For vaccine develop-
ment, they generate an optimized influenza hemagglutinin sequence and compare its expression to
the wild-type sequence to show that it has enhanced expression in vitro, with improved initial and
boosted immune responses. For protein-replacement therapy, they generate a nerve growth factor
and show in amousemodel that the optimizedmRNA sequence has an equivalent neuroprotection
at one-fifth the dose of the unoptimized sequence.

One could also consider recoding the sequence to attenuate expression levels. Theoretically,
synonymous recoding of viral proteins can reduce pathogenic fitness to create live-attenuated
viruses (159). This possibility was elegantly demonstrated with the recoding of major capsid gene
10 of the bacteriophage T7: Synonymous recoding of the gene with nonpreferred codons relative
to E. coli was inversely correlated with fitness (178). CocoVax is a web server for codon-based
deoptimization of genes for live attenuated vaccines (179). The approach of CocoVax is not
machine learning per se. Rather, it deoptimizes coding sequences by selecting single codons or
neighboring codons that are statistically unfavored and characterizes the generated sequences by
the number of mutations, dinucleotide ratios, and RNA stability predicted with ViennaRNA.

4.6. Generative Models Can Be Used to Score Codon Sequences

Beyond their capacity to generate sequences, generative models are also used to score or rank
codon sequences provided to them through the likelihood score that they produce. The under-
lying assumption is that the trained models have learned patterns from evolutionary optimized
sequences and that these patterns are likely to correlate with experimental features such as expres-
sion or fitness. This is a usage of generative models that is reminiscent of discriminative models.
The latent representation of the generative model DeCodon was even fine-tuned toward the spe-
cific task of scoring mRNA stability and protein expression and indeed achieved top results. Stark
et al. (169) consider a dataset of experimentally characterized fitness effects of 250 synonymous
mutations in 21 different yeast genes (a subset with the most significant effect from a larger set).
Conditioned on the wild-type structure of the protein, they compare CodonMPNN likelihoods
of the wild-type coding sequence to the synonymous variant and show that in 72% of the cases,
CodonMPNN assigns a higher likelihood to the more highly expressed sequence in the pair. Faizi
et al. (156) compare the likelihoods assigned by their generative model Trias to experimental
measurements of 30 synonymous GFP variants expressed in human HEK293 cells. They show
that the scores from their model, trained on codon sequences from 640 vertebrate species, cor-
relate well with GFP protein expression (measured as total fluorescence), mRNA half-life, and
mean ribosome load. Naghipourfar et al. (89) show that the difference between likelihoods of
wild-type and mutated sequences of the generative model DeCodon successfully ranks a set of
∼48,000 pathogenic human variants from ClinVar.

5. USING ARTIFICIAL INTELLIGENCE CODON MODELS TO BETTER
UNDERSTAND EVOLUTION

Studies that trained AI models on codon data provide insights into evolutionarily selected codon
usage patterns. The fact that a nonoverfitted AI model can predict a property means that it could
learn a useful signal from the data. Namely, the AI model identifies the presence of a pattern,
though it does not reveal the pattern itself. In many studies, the focus is on identifying where
such patterns occur. Because AI models can easily memorize training data, studies that reason
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about the evolutionary signal must carefully separate training/validation from test data to ensure
there are no proteins, or even homologous instances, in both sets [e.g., using CD-HIT (180), as in
References 94 and 181].One can even exclude the entire proteome of organisms from the training
set (e.g., as in 90). We highlight different perspectives: codon patterns that can be derived from
the amino acid sequence, functional properties that are more accurately derived from the codon
sequences, and codon patterns that are shared among homologs.

5.1. Codon Patterns That Were Derived from the Amino Acid Sequence

Successful prediction of naturally occurring codon sequences from the amino acid sequence (back-
translation in Figure 1) is an example of identifying such patterns.The accuracy baselines used for
comparison are frequency-based predictions: the most frequent codons, or predictions based on
codon–pair frequencies (182, 183). Yang et al. (181) used an LSTM model to predict the codons
of four E. coli and a larger set for human highly expressed proteins, with modest success. Sidi et al.
(94) trained transformer models presented with long amino acid sequence context (ranging from
10 to 150 residues) on proteins from two bacterial species (E. coli, B. subtilis) and two eukaryotes
(Schizosaccharomyces pombe, S. cerevisiae). They predict the naturally occurring codon sequences in
carefully separated datasets of several hundred proteins, with greater accuracy (and lower per-
plexity) than the baselines. Analyzing the properties of codon-predictable proteins reveals where
more constrained, or learnable, patterns are found. Sidi et al. (94) show that the prediction ac-
curacy in bacteria is greater, suggesting its sequences include more easily identifiable patterns.
Highly expressed proteins are predicted more accurately, in agreement with earlier suggestions
(25, 184, 185). In S. cerevisiae, there are GO functional annotations associated with proteins of
more accurately predicted codons, e.g., genes related to the translation process.

The encoder–decoder model Trias was trained on the evolutionary selected eukaryotic codon
sequences to study principles governing its generated sequences (156). By manually forcing the
use of rare codons in the prefix of generated sequences, Faizi et al. (156) found that in this setting,
Trias favors generating rarer codons. This suggests that the model learned that rare codons are
not randomly distributed but rather occur in clusters, as previously reported (186).

To focus on the process of translation in yeast, Sakharova & Lareau (85) trained an AI model
on a related task: predict the codon translation elongation speed (as opposed to the codon itself )
from the amino acid sequence, or more specifically, from its pLM embedding. The predicted fast
or slow labels were derived from the average transcriptome-wide elongation rates in ribosome
profiling experiments in S. cerevisiae, and the authors focus on the subset of 26 codons from eight
amino acids with robust elongation rates in different yeast species. They also balance the data by
sampling equal numbers of slow and fast codons for each gene and amino acid type, setting the
model’s expected prediction at 50% for each label. Their fully connected deep network predicts
labels from the ESM2 embeddings (100, 187) with an overall accuracy of 54.5%. They include
an interesting control: A random forest can predict codon choice from the amino acid type, pro-
tein structure, and position, an overall lower accuracy of 51.8%. Sakharova & Lareau (85) also use
their model to select cases of codon choices that are critical enough to have measurable phenotype
differences in experimental growth assays compared to counterparts with synonymous mutations.
Among 6,874 synonymous slow-to-fast or fast-to-slow mutations, most had no measurable effect
in laboratory growth conditions, yet 3% had significant effects on fitness (137 deleterious and 67
advantageous). Interestingly, their experiment detects cases that may be due to translation speed
changes (slow-to-fast or fast-to-slow mutations), as well as cases that are not related to the trans-
lation speed (slow to slow or fast to fast), as expected from the impact of the codon sequence on
diverse processes.
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5.2. Functional Properties Derived from Codon Sequences

Outeiral &Deane (90) argue that modeling with the 61-codon alphabet, rather than the 20–amino
acid alphabet, can lead to better performance on downstream tasks. Indeed, CaLM outperforms
pLMs of similar size in predicting protein solubility, subcellular localization, and function, and
it outperforms all pLMs in predicting species and protein melting temperatures. CaLM is also
competitive with larger pLMs in predicting transcript and protein abundance. All experiments are
fivefold cross-validation after clustering the data with strict sequence identity cutoffs to ensure the
removal of homologous sequences. This work includes interesting controls to demonstrate that
codons carry ameaningful signal: First, the prediction networks are not merely learning the source
species. They show this by training, models that are also given the taxonomic identity, and their
cLM maintains its lead. Most interestingly, they train alternative models that learn from codon
sequences in which the evolutionary signal is muddled by replacing, in training and test sets, an in-
creasing proportion with synonymous mutations, i.e., ones that maintain the amino acid sequence
signal. The performance of the models trained on the corrupted signal indicates that the cLMs
fundamentally rely on codon-level signals to build their representations rather than simply enrich-
ing the amino acid signal.When the codon signal is corrupted, the models’ predictive capacity falls
below that of pLMs. The superiority of CaLM compared to all tested pLMs in predicting melting
temperature is consistent with Boshar et al. (16),who showed that gLMs also outperform pLMs on
this task. The authors hypothesize that gLMs outperform pLMs on this task by extracting species
information, which is relevant as different proteomes have different melting point profiles. How-
ever, they demonstrate that pLMs enhanced with GC content and species information continue
to underperform compared to gLMs in terms of melting point prediction, suggesting the success
of gLMs relies on signals beyond species-related features. Outeiral & Deane (90) report a similar
finding with their cLM. Overall, this shows that the most informative biological representation
for a given task does not necessarily coincide with the biological level at which that property arises
(16).

5.3. Codon Patterns That Are Shared by Homologs

AI models also have the potential of identifying patterns shared by the codon sequences of or-
thologs. This extends the observation that rare codon clusters are conserved in coding sequences
of highly expressed orthologous proteins (161, 186, 188–190). The mBART network developed
by Sidi et al. (94) was trained to predict codons of the target species from amino acids and pos-
sibly mimic the codons of an ortholog protein. Conditioning on orthologous codon sequences
did not, surprisingly, improve prediction accuracy. This may indicate that coding sequences of
orthologous proteins do not follow equivalent or directly transferable patterns, or at least not
ones that can be learned to improve beyond only learning the patterns in the target organism.
OrthologTransformer (149) tested the accuracy of predictions from orthologs in a held-out set.
This evaluation considers three codon sequences: the one generated by the model and the two
in the ortholog pair, the source used as the model’s input and target. In all cases, the generated
sequence is closer to the target sequence than it is to the source sequence, suggesting the AI
model successfully learned a relevant signal. Further supporting this, the similarity between the
OrthologTransformer-generated and target codon sequences (38–74% identity) is higher than
that of CodonTransformer-generated sequences (29–34% identity).

6. FUTURE WORK

The full potential of AI models trained on the language of codons has not been exhausted. We
list three open directions in which these can contribute: annotating genes, improving pipelines for
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designing sequences with desired functions, and advancing our understanding of protein synthesis
and evolution.

Current gene-prediction pipelines do not include discriminative cLM-based models. They
do include indirect measures of codon bias, e.g., GC content at the third codon position (191).
Awareness of meaningful relationships can be learned by cLMs directly from sequence data and
incorporated in the annotation pipelines. Furthermore, as suggested by Yang et al. (181), AI mod-
els could learn to identify codon patterns of endogenous genes from recent horizontal transfer
(whose codons have not yet adapted) to improve genome annotation and evolutionary inference.

A promising direction is integrating codon sequence design into AI-assisted protein design.
Current de novo design strategies focus on amino acid sequence design. The coding sequence is
then back-translated for the target host using generic tools as a final step.This disconnects the sig-
nificant codon constraints (123–125) from the design process, often producing codon sequences
that are poorly adapted to the host. CodonMPNN (169) demonstrates that codon-aware design
is feasible by generating a coding sequence conditioned on the target protein backbone and the
host. Guiding codon sequence generation with multiple factors, such as structure, function, ex-
pression host, or genomic context (as implemented in the gLM Evo 2) (12), will possibly lead to
the design of valid coding sequences that are biologically and functionally optimized for the target
host expression system.

Codon choice can influence cotranslational folding bymodulating translation kinetics. Codon-
level AI models may therefore offer new ways to explore the coupling between sequence and
folding. In principle, cLMs could relate coding sequences to their corresponding folded structures,
revealing structural features embedded in the translation process. Moreover, given folding-
relevant and large datasets, AI models could be leveraged to train models directly on data. To
date, small datasets linking nonsynonymous mutations to folding outcomes exist, but no large-
scale resource relates codon usage to cotranslational folding dynamics. Using AI to model the
language of codons holds the promise of revealing how evolution has encoded multiple layers of
regulatory, structural, and functional information within the very sequences that define life.
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