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Figure 3: Comparison to prior methods (TF-IDF, Codon2vec, RNABERT and RNA-FM) and fine-tuning CodonBERT
on downstream data sets. a) Given an input corpus with m mRNA sequences, TF-IDF is used to construct a feature
matrix followed by a random forest regression model. b) Use a TextCNN model to learn task-specific nucleotide or
codon representations. The model is able to fine-tune pre-trained representations by initializing the embedding layers
with stacked codon or nucleotide embeddings extracted from pre-trained language models (Codon2vec, RNABERT,
and RNA-FM). n is the number of codons in the input sequence and d is the dimension of the token embedding. As
baseline, plain TextCNN initializes the embedding layer with a standard normal distribution. c) Fine-tune the pre-trained
CodonBERT model on a given downstream task directly by keeping all the parameters trainable.

set of downstream tasks related to mRNA translation, stability, and regulation. In addition, these datasets represent a
range of molecules, including newly published data sets for recombinant protein, bio-computing, and SARS-CoV-2
vaccine design. Finally, we generated a new dataset to test CodonBERT in the context of mRNAs encoding the influenza
hemagglutinin antigen for Flu vaccines.

To compare CodonBERT’s performance on these tasks, we have also applied several other state-of-the-art methods that
have been previously used for mRNA property prediction with different model complexities, including TF-IDF [26],
TextCNN [27], Codon2vec, RNABERT [15], and RNA-FM [16]. Table 2 presents the performance of CodonBERT and
the other six methods on these downstream tasks. For each task, the first three rows are nucleotide-based methods (plain
TextCNN, RNABERT, and RNA-FM), while the rest are codon-based methods (TF-IDF, plain TextCNN, Codon2vec,
and CodonBERT). Table ?? provides complimentary MSE values for these comparisons.

Overall, we see that codon-based methods outperform nucleotide-based methods on most tasks. This is in part due to
the critical role of codons on the protein expression. Moreover, the codon-based variant of TextCNN outperforms the
original nucleotide implementation on most tasks.

As for the detailed comparison, we observe that CodonBERT performed best on four of the seven tasks and second best
(in most cases with very small difference) on two of the remaining three tasks.

3 Methods

Assembly of mRNA Sequences for Pre-training

We collected mRNA sequences across diverse organisms for pre-training from NCBI [28]. The datasets included
mammalian reference sequences (https://www.ncbi.nlm.nih.gov/datasets/taxonomy/40674/), bacteria (Escherichia
coli) reference sequences (https://www.ncbi.nlm.nih.gov/datasets/taxonomy/562/), and homo sapiens virus complete
nucleotides (https://www.ncbi.nlm.nih.gov/labs/virus/vssi/#/).

Model architecture

A codon is composed of three adjacent nucleotides. There are five different options for each of these three positions {A,
U, G, C, N} leading to a total of 53 (125) possible combinations. Additionally, five special tokens are added to the
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Figure 1: A: Hierarchically classified mRNA sequences for pre-training. All the 14 leaf-level classes are numbered. The
angle of each segment is proportional to the number of sequences belonging to this group. B: Model architecture and
training scheme deployed for two tasks of CodonBERT. C: A stack of 12 transformer blocks employed in CodonBERT
model.
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