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1 Abstract

Cross-species gene translation is crucial for un-
derstanding among biological organisms. An ap-
propriate translation mechanism facilitates gene-
level experiments in clinical contexts, making them
more feasible and predictable. Traditional cross-
species gene translation relies heavily on large-
scale databases and manual annotations to pro-
cess genotypes and RNA. However, fully anno-
tating complex species is time-consuming, which
presents a barrier to the practical application of
cross-species genetic research. This study treats
the fully annotated RNA sequences of Mus pahari
and Mus caroli as languages and explores a trans-
lation mechanism by training on k-mer translation
pairs between the two species.

2 Introduction

Cross-species gene expression translation is a crit-
ical topic in comparative genomics. A successful
translation mechanism enables the interpretation
of a new species’ genotype through reference to a
fully annotated species[16]. In recent years, natural
language processing (NLP) techniques have been
increasingly applied to the study of RNA sequences
[18], treating nucleotide or amino acid chains as
structured, language-like data. This approach al-
lows models to learn sequence-level patterns in a
manner analogous to human language translation.
In this study, we investigate the cross-species
translation of RNA sequences between Mus car-
oli and Mus pahari, two closely related mouse
species. We developed a robust sequence-to-
sequence pipeline to capture underlying patterns
in orthologous gene expression. To this end, we
curated a dataset comprising RNA sequences ex-
tracted from brain, liver, heart, and kidney tissues
of both species. By aligning gene annotations and
extracting the corresponding nucleotide sequences,
we constructed a large-scale paired dataset of or-

thologous genes. After applying various k-mer
segmentation strategies, we organized k-mer trans-
lation pairs that serve as the foundation for training
on RNA sequence translation. (Note: This para-
graph was written in Chinese and ChatGPT was
used to translate the text from Chinese to English.)

Cross-Species RNA Sequence Translation via k-mer Modeling

Tokenization
into k-mers

Pairing Sequences
(Translation Pairs)

Input Sequences
from Two Species

UGcC |caG
AUGCAGUGA.. vec R
5-mer AUG | AUG
AUGCAUGA... GCAGU |GCAGU |
[ T5 Model

Learned
Cross-Species Mapping

Figure 1: Overview of the cross-species RNA sequence
translation pipeline between Mus caroli and Mus pahari.

3 Related Work

In the fields of bioinformatics and genomics, tra-
ditional statistical methods have provided the aca-
demic foundation for the concept of gene transla-
tion. Particularly in the area of cross-species gene
comparison, many research groups have developed
tools based on various metrics to facilitate such
analyses. At the same time, the idea of treating
RNA sequences as a form of language has also
been explored in several studies.

CoSIA: CoSIA introduces a metric-driven
framework to assess gene expression vari-
ability, diversity, and tissue specificity across
species.It integrates various data processing
pipelines, including the use of the Bgee
database for curated wild-type, non-diseased
RNA-seq datasets, variance stabilization using



DESeq2[13], and ortholog mapping through
resources such as NCBI HomoloGene and
BiomaRt. By calculating coefficients of vari-
ation, it highlights genes with high inter-
species or inter-tissue variability; diversity
and specificity metrics further characterize ex-
pression uniformity or concentration within
tissues[8].

The traditional methods used for this task before
are exhaustive, but can be computationally slow.

DNABERT: A notable advancement in apply-
ing language models to biological sequences
is DNABERT, introduced by Ji et al. This
study proposed a novel paradigm where DNA
sequences are treated as language-like data
and modeled using BERT. DNABERT is pre-
trained on genome-scale sequences using over-
lapping k-mers, capturing local and global de-
pendencies within nucleotide sequences. This
approach demonstrated significant improve-
ments in various downstream genomics tasks,
including transcription factor binding site pre-
diction and promoter identification[9].

BLASTX alignment (pre-DIAMOND base-
line): original BLASTX searches routinely
took hours to days on typical metagenomic
datasets (DIAMOND was introduced as a
20,000x faster alternative to address this bot-
tleneck) [3].

Maximume-likelihood phylogeny (RAxML):
On the 16S.B.ALL dataset ( 3,000 sequences),
RAXML required 647-2,150 hours to infer
trees, compared with just 2-6.3 hours for Fast-
Tree on the same data[12].

Statistical GWAS (SF-GWAS): A biobank-
scale study, the secure federated GWAS
pipeline ran 5.3 days in total on the UK
Biobank (including QC, PCA, and association
testing)[5].

4 Methodology

In the methodology section, we introduce how our
project leverages the collected data to construct a
training objective from several key perspectives.
First, we describe the preprocessing steps and the
formation of translation pairs. Next, we perform
k-mer segmentation on these pairs to obtain RNA
sequence translation pairs suitable for training. Fi-
nally, we train our data using a T5-based model[15]

architecture to learn the cross-species translation
patterns.

4.1 Data Selection and pre-processing

In this study, we selected two closely related ro-
dent species, Mus caroli and Mus pahari, as our
model organisms for cross-species RNA sequence
translation. These species were chosen due to
their phylogenetic proximity, high-quality refer-
ence genomes, and availability of comparable tran-
scriptomic datasets[11].

4.1.1 Reference Genome and Gene
Annotation Alignment

To construct accurate gene-level sequence pairs be-
tween Mus caroli and Mus pahari, we retrieved
their reference genome assemblies and annota-
tion files from the National Center for Biotechnol-
ogy Information (NCBI). The reference genome
for Mus caroli was obtained under accession
GCF_900094665.2, while that for Mus pahari was
retrieved as GCF_900095145.1. Each dataset in-
cludes the full genomic sequence in FASTA format
and corresponding gene annotations in GTF for-
mat.

The genomic FASTA files (. fna) were used as
the reference for sequence extraction, while the
GTF files provided structured annotations of gene
features, including gene identifiers, chromosomal
positions, strand orientation, and gene biotypes.
These annotations were used to extract strand-
aware gene-level sequences using coordinate-based
slicing and reverse-complement operations where
necessary.

Table 1: Reference Genome Assemblies Used

Species Accession ID
Mus caroli | GCF_900094665.2
Mus pahari | GCF_900095145.1

From these annotations, we extracted 32,457
gene sequences from Mus caroli and 29,483 gene
sequences from Mus pahari. A set of 15,833 orthol-
ogous gene identifiers shared across both species
was then used to construct cross-species translation
pairs.

4.1.2 K-mer Tokenization

To convert nucleotide sequences into a format suit-
able for natural language processing models, we
employed a sliding window tokenization technique



using fixed-length substrings known as k-mers.

k-mer(S, k) =
{S.(”“) —Sli:i+k]|0<i<|S| —k} (1)

2

where k£ and Si(k) represents the ¢-th k-mer sub-
string of length & within sequence S. The choice
of k was motivated by a balance between biologi-
cal relevance and model complexity, allowing suf-
ficient contextual representation while maintaining
a tractable vocabulary size of 4*.

The use of k-mer tokenization is inspired by pre-
vious work in immunogenomics, where deep learn-
ing models were applied to somatic hypermutation
prediction using variable-length k-mers ranging
from 5 to 21 bases [17]. This modeling captured
both local and extended nucleotide dependencies.

4.1.3 Translation Pair Construction

To formulate the cross-species RNA translation
task, we constructed a parallel corpus of gene-level
k-mer token sequences between Mus caroli and
Mus pahari. After extracting the full set of anno-
tated gene sequences from both species, we identi-
fied a shared set of 15,833 orthologous gene identi-
fiers based on consistent gene_id annotations. For
each orthologous gene g € Gpared, let chamh and
Sgahari denote the nucleotide sequences of gene g
in Mus caroli and Mus pahari, respectively. Each
sequence was tokenized into overlapping k-mers,
yielding:

X9 = kmer(S? ., 7), Y9 = kmer(Sgahari, 7)
The resulting dataset consists of sequence-to-

sequence training pairs:

D= {(ngyg) ‘ gc Gshared}

This formulation enables the learning of a map-
ping function:

f: X—>Y

where f is the model trained to translate k-mer
sequences from Mus caroli to their corresponding
sequences in Mus pahari.

4.2 Implementation

This project’s implementation, training procedure,
and code can be found here.

Table 2: Example rows from the transla-
tion_pairs_k7.tsv  dataset. Each input-output
pair consists of overlapping 7-mer tokens representing
orthologous gene sequences in Mus caroli and Mus
pahari.

Input (Caroli 7-| Output (Pahari 7-
mers) mers)
ATGCGTA TGCG- | ATGGTGA TGGT-
TAC ... GAC ...
TACCTGC ACCT-| TACCAGT
GCA .. ACCAGTT ...
GAGTCAA AGT-| GAGTTAA AGT-
CAAG ... TAAC ...

4.2.1 Model Selection

We finetuned the Google T5-Base model [14] with
220 million parameters. We choose this model
because it treats all tasks as text-to-text transforma-
tions, making it suitable for the purpose of RNA
translation. This model size was chosen to accom-
modate memory requirements, ensuring both the
model and training data fit onto a single GPU.

4.2.2 Tokenizing

Each k-mer sequence was assigned its own tok-
enizer, ensuring that each possible substring of
RNA characters was identified by a single token.
There are 4 possible types of Nucleotides: adenine
(A), thymine (T), guanine (G), and cytosine (C).
However, in our dataset, the generic (N) character
was used to indicate an undetermined nucleotide.
The vocabulary size for each tokenizer was deter-
mined by the combinatorial possibilities of k-mers,
resulting in a total of 5* tokens plus miscellaneous
tokens for padding and the start of sequences.

4.2.3 Training

Each experiment was trained for 24 hours on an
NVIDIA H100 GPU w/ 94 GB memory.

The selected datasets were divided into training
(70%), evaluation (20%), and test (10%) data. Due
to the file size of the dataset, the model was trained
on inputs of 512 tokens at a time.

The following hyperparameters were used:
Loss Function : Cross Entropy Loss
Batch Size : 8

Learning Rate : 3¢—6

Weight Decay : le 2

LR Optimizer : AdamW


https://github.com/KurtWanner/cse_5525_project

4.2.4 Evaluation Metrics

We considered the translation task to be successful
if the translated RNA sequence embedded the same
set of genes as the input. To extract the set of mam-
malian genes embedded in a given RNA sequence,
we used BLAST [1], which maps RNA sequences
onto its embedded set of protein sequences (genes).

We evaluated our model by using various set
similarity scores on the sets of identified genes in
the reference genome and our model’s output. The
metrics used were the Jaccard Index:

|AN B|
J(A, B) = 2
and the Dice-Sgrensen coefficient:
2|AN B|
DC(A,B) = —— 3)
|Al + |B|

To evaluate the biological relevance of the pre-
dicted RNA sequences, we performed a BLASTn-
based validation against the Mus pahari reference
transcriptome (GCF_900095145.1_rna.fna). A nu-
cleotide database was constructed using NCBI’s
BLAST+ toolkit, ensuring that all matches were
restricted to the target species.

Each predicted sequence and its corresponding
source sequence were aligned independently to the
Mus pahari RNA database. For each query, only
the best alignment (based on the highest bitscore)
was considered for subsequent analysis. The pri-
mary metrics extracted were the average sequence
identity percentage and average bitscore across all
queries.

For each query sequence, only the best matching
alignment of highest bitscore [2] was retained. The
following metrics were computed:

For each query sequence, only the best matching
alignment with highest bitscore was retained. The
following metrics were computed:

* Identity Percentage: For a given alignment
between a query and a subject sequence, the
identity percentage is calculated as:

Number of matched nucleotides

Identity (%) =
entity (%) Total alignment length

* Average Identity: Across all queries, the av-
erage identity percentage was computed by:

N
1
Average Identity = N Z Identity,
i=1

where N is the number of queries and
Identity, is the best match identity for the i-th

query.

* Bitscore: The bitscore reflects the alignment
quality and is calculated internally by BLAST
based on the alignment score and statistical
parameters of the database. We computed the
average bitscore similarly:

N
A Bit 1 ZB't
verage bilscore = — 1tScore;
g N 2 ’
1=

4.3 Baseline Construction

To evaluate the effectiveness of our RNA k-mer
translation task, we constructed multiple baselines
using progressively more expressive machine learn-
ing models. These baselines serve both as perfor-
mance references and as conceptual contrasts for
our sequence modeling approach.

N-gram Language Model. As the simplest
statistical baseline, we implemented a bi-
gram model [10, 6, 4] to generate target se-
quences based on the frequency of k-mer co-
occurrence. This model captures only local
dependencies and lacks the ability to general-
ize beyond observed token transitions. Given
a target RNA sequence y = (y1,¥2, ..., Y1)
consisting of k-mers, the bigram model esti-
mates the probability of the sequence as:

P(y17y27"' 7Z/T) ~ Hp(yt ’ Z/t—l) (4)

t=1

This model captures only local co-occurrence
statistics between adjacent k-mers in the out-
put sequence.

Embedding + MLP Mapping. To assess the
importance of sequence order, we also con-
structed a bag-of-k-mers baseline using av-
erage embeddings of source sequences fol-
lowed by a multilayer perceptron (MLP)
[7]to predict the first target k-mer. This
method does not account for positional infor-
mation, serving as a useful comparison point
to the encoder-decoder approach. As a non-
sequential baseline, we treat the input as a
bag of k-mers. Each k-mer z; is mapped to



an embedding vector and the overall input is
summarized by average pooling:

N
1
v =5 Z; Embed(z;) (5)

The first target k-mer is then predicted using
a multilayer perceptron (MLP):

71 = MLP(v,) (6)

This model ignores positional information and
serves as a useful baseline to quantify the con-
tribution of sequence ordering.

Each baseline was trained and evaluated on the
same set of aligned k-mer translation pairs derived
from orthologous genes between Mus caroli and
Mus pahari. Performance was measured using
token-level accuracy on the target sequence. (Note:
ChatGPT was used for in-text equations and gram-
mar correction.)

5 Results and Analysis

This section presents the experimental results from
baseline models and neural training. Overall, the
neural models significantly outperform the statisti-
cal and embedding-based baselines.

5.1 Baseline

To establish performance references, we imple-
mented three baseline models using 3-mer seg-
mented RNA sequences. This choice balances
biological interpretability with computational effi-
ciency.

The results, evaluated using token-level accu-
racy (only first token for MLP), are summarized in
Table 3.

Table 3: Baseline and Neural Model Token Accuracy

Model Accuracy (%)
N-gram (Bigram) 2.18
MLP + Avg Embed 9.54
T5 Fine-tuned 12.71

These baselines provide a performance spectrum
from statistical memorization to deep contextual
modeling, and demonstrate the critical role of se-
quence modeling in cross-species RNA translation.

5.2 Results

Our top-performing experiment, which utilized 5-
mer sequences, achieved a Dice-Sgrensen coeffi-
cient of 0.7090 and a Jaccard index of 0.6314. Also,
we utilize BLAST for validating the translated re-
sults with the overall identity accuracy.

Table 4: BLAST Summary Results: Comparison be-
tween Source and Predicted RNA Sequences

Type Avg Identity (%) Avg Bitscore
Source 99.95% 398.99
Prediction 95.67% 480.85

6 Future Work

Future work related to this project includes evalu-
ating the effects of different k-mer sequences on
model performance, expanding the dataset to test
different subspecies of mouse and potentially other
rodent species, and testing this translational model
for clinical applications.

7 Contributions

This section identifies the contributions made to
the project by each member.

Ye Liu

* Processed raw RNA sequences from Mus car-
oli and Mus pahari, and constructed training
translation pairs using k-mer tokenization.

* Built a BLAST nucleotide database from the
Mus pahari reference transcriptome to support
cross-species validation.

* Designed and executed BLASTn-based eval-
uation pipelines to quantify translation per-
formance based on identity percentage and
bitscore.

Kaivalya Pitale

* Traditional methods testing: evolutionary tree
alignment, statistical analysis and BLAST
analysis.

* Attempted to run a minimalist version of
BERT on a local device, but encountered re-
peated crashes due to insufficient memory and
hardware limitations.

Kurt Wanner



Created, ran, and managed model training and
evaluation environment on OSC.

Paid $9 per month for an Overleaf student
plan.
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