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Abstract

Biological sequences, including RNAs and proteins, share
similarities with natural languages, enabling the application
of advanced language models to various biological tasks.
However, due to its flexibility and lack of experimental data,
RNA is a particularly challenging biological “language” com-
pared to other biological sequences like proteins. RNA multi-
ple sequence alignments (MSAs), which align evolutionarily
related RNA sequences, can greatly enhance RNA biology
modeling, as evidenced by their significant roles in structure
prediction and function annotation. This raises the question of
whether RNA MSAs can also benefit RNA design, which re-
mains unexplored. This paper introduces RMSAGen, a model
comprising RMSA-Encoder and RMSA-Decoder, that lever-
ages MSAs to design functional RNA sequences. RMSA-
Encoder effectively extracts MSA features, enhancing per-
formance in functional prediction and solvent accessibility
prediction tasks and supporting RMSA-Decoder in accurate
RNA generation. RMSAGen can design RNA sequences that
effectively bind to target RNA-binding proteins, and the de-
sign performance improves with an increasing number of
sequences. In addition, the ribozymes designed with struc-
tural features by RMSAGen show strong computational met-
rics and exhibit biological activity during gel electrophoresis.
These results highlight the effectiveness of RMSAGen, es-
tablishing it as a powerful tool and a new direction for RNA
design.

Introduction

RNA plays a critical role in the central dogma of molecu-
lar biology, and RNA design has long been a research fo-
cus (Shen et al. 2024a; Jiang et al. 2025b). Previous studies
have primarily concentrated on proteins (Ferruz, Schmidt,
and Hocker 2022a; Zhou et al. 2025); however, RNA, which
serves as a biological “language” more challenging to in-
terpret than proteins (Shen et al. 2024a; Zhang et al. 2023),
presents greater difficulties in design, especially when deal-
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ing with multiple sequence alignments containing evolution-
ary information (Zhang et al. 2023).

Compared to proteins, RNA molecules exhibit more flexi-
ble conformations (Shen et al. 2024a), exacerbating the chal-
lenges of RNA design. MSAs contain conserved genetic
information (Zhang, Zhang, and Pyle 2023; Zhang et al.
2023); effectively leveraging RNA MSAs can enhance the
performance and stability of designed RNA sequences. Ex-
isting models predominantly rely on MSAs for structure
prediction and similar characterization tasks, demonstrating
that MSAs can stabilize conformations and enable models
to predict more accurate structures (Zhang, Zhang, and Pyle
2023; Shen et al. 2024a).

In this paper, we introduce RMSAGen, which integrates
MSAs to design RNA sequences, enhancing the perfor-
mance and stability of the designed RNAs. RMSAGen
consists of two components: RMSA-Encoder and RMSA-
Decoder. RMSA-Encoder is utilized to extract features from
MSA:s. Its outstanding performance in function prediction
and solvent accessibility prediction tasks show that the
model can effectively learn MSA features, thus better sup-
porting RMSA-Decoder in generating RNAs. We construct
MSA data from certain highly conserved RNAs capable of
binding to proteins and employ RMSAGen to design the cor-
responding sequences. We find that the designed sequences
achieve effects comparable to those of natural sequences,
effectively binding to specific proteins. As the number of
sequences in the input MSA increases, the binding effec-
tiveness also improves, and upon reaching a higher se-
quence count, its performance approaches, and shows the
potential to rival, that of natural sequences. In addition,
RMSAGen also designs ribozymes (hammerhead) based on
MSA conservation and structure feature. These designed ri-
bozymes not only perform well in computational metrics but
also exhibit activity in the gel electrophoresis experiment.
Through various computational and biological experiments,
we demonstrate that it is an effective RNA design tool.

Our contributions are summarized as follows: (1) We have
introduced a new task focused on designing RNA based on
RNA MSA and have developed a novel model for RNA
MSA that undertakes both characterization and RNA gener-
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Figure 1: Overview of the RMSAGen architecture. The query RNAs from the bpRNA database are processed using the rMSA
to construct RNA MSAs. MSA features are extracted using RMSA-Encoder, and these features are input into RMSA-Decoder
through a feed-forward network to guide the generation of RNA sequences. RMSAGen performs excellently in the following
three downstream tasks: RNA family classification, RNA solvent accessibility, RBP-guided RNA design, and ribozyme design.

ation tasks. (2) RMSA-Encoder extracts features from RNA
MSAs and validates these features through classification
and regression, achieving state-of-the-art results compared
to existing methods. (3) In RBP-guided RNA design tasks,
RMSAGen not only proves effective in designing RNA se-
quences that bind to proteins but also shows increased ef-
fectiveness as the number of sequences grows. (4) In the
critical field of ribozyme design, sequences designed with
structural features by RMSAGen demonstrate biological ac-
tivity in biological validation, confirming the effectiveness
of RMSAGen.

Methodology: RMSAGen

Transformers (Vaswani et al. 2017) demonstrate outstand-
ing textual understanding and generating capabilities even
on non-natural languages such as biological molecular se-
quences (Ji et al. 2021; Ferruz, Schmidt, and Hocker 2022b;
Madani et al. 2023; Jiang et al. 2025a; Wang et al. 2025). We
propose a transformer architecture for RNA design based on
MSAs. The RMSA-Encoder takes MSA sequences and pro-
cesses them through twelve self-attention layers to capture
the contextual dependencies between nucleotides. The de-
coder generates the aligned sequences auto-regressively by
attending to both the encoder outputs and previously gen-
erated tokens. However, when applying the original Trans-
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former to the MSA task by concatenating all the sequences,
it works but leads to a sharp increase in memory utilization:
with M (up to 128) sequences of length N (up to 512), the
space complexity is O((M N)?). We address this issue by
using 2D positional embeddings and computing the atten-
tion separately in the row and column directions of the MSA,
as demonstrated in (Rao et al. 2021).

2D Attention Mechanism

Following the work of (Rao et al. 2021), we operate the at-
tention mechanism independently over rows and columns
of MSAs (i.e., sequence length and sequence number of
MSA), reducing the space complexity from O((MN)?) to
max{O(NM?),O(MN?)}, and a tied row attention is ap-
plied. Structure is a critical determinant of the properties and
functions of biomolecules (Watson and Crick 1953; Pauling
1951). In a MSA, all sequences perform the same function,
thus possessing the same or similar structures, which implies
that the MSA exhibits the same or similar attention weights
across all sequences. Therefore, we also adopt the tied atten-
tion mechanism:

mKT
Qmm) Y (1)

where @, and K, are the queries and keys for each row

Attention(Q,,, Ko, Vi) = softmax (



of MSA, and d is the normalization factor of dot-product
attention as described in (Vaswani et al. 2017).

Model Architecture and Training

RMSAGen includes an encoder (RMSA-Encoder) and a de-
coder (RMSA-Decoder). In the task of ribozyme design, it
integrates structural features of ribozymes for improved de-
sign.

Encoder: RMSA-Encoder To better extract the features
of RNA MSAs, we first train a 12-layer representation
model (Devlin et al. 2019) on masked language model
(MLM) task to encode MSAs. We randomly select 15% of
the nucleobases and replace 80% of them with a special
mask token [MASK], then calculate the loss function:

»Cenc = - Z 10gp(1'1|f(1'2)),
ieM

where M is the indices of masked nucleobases of MSAs,
f(x;) is the last hidden states from the RMSA-Encoder
model encoding the input nucleobase ;.

To validate the effectiveness of the RMSA-Encoder com-
ponent in extracting MSA features, the RNA family clas-
sification task divides the functions of MSAs into 11 cate-
gories, namely 5S ribosomal RNA, U2 spliceosomal RNA,
tRNA, US spliceosomal RNA, U6 spliceosomal RNA, group
I catalytic intron, FMN riboswitch aptamer (RFN element),
purine riboswitch aptamer, glmS glucosamine-6-phosphate
activated ribozyme aptamer, SAM/SAH riboswitch aptamer,
bacterial large subunit ribosomal RNA. We feed the output
of the last hidden layer of the RMSA-Encoder model H,
into a convolutional neural network (CNN), which consists
of two convolutional layers and two linear layers to predict
scores over 11 functions of MSAs.

S* = ConvNet(H,),
11
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where S is the logits predicted by the CNN and L de-
notes the classification loss.

Encoder-Decoder: RMSAGen In the RBP-guided RNA
design task, we train an RNA MSA generative model (24-
layer model): RMSA-Decoder. We connect the RMSA-
Encoder model and the RMSA-Decoder model through a
feed-forward network (FFN), forming RMSAGen model.
Although RMSAGen follows an encoder-decoder architec-
ture, during training, RMSA-Encoder only takes MSAs as
input, while the target for RMSA-Decoder is the concate-
nation of the source MSAs and the target sequences. This
design allows both the RMSA-Encoder and the RMSA-
Decoder to be used independently and to generalize to
downstream tasks. Finally, the RMSAGen is optimized by
minimizing the negative log-likelihood of predicting the
next token/nucleobase:

Lo = 3

N
L= Z —logp(yily<i, x1:n)-

=1

“
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Fusion Structure to Design Ribozyme To enhance the
design of ribozymes, we incorporate structural features to
assist. The geometric vector perceptron (GVP) (Jing et al.
2021; Huang et al. 2024) model can encode the geometric
structure of an RNA molecule. We select the coordinates of
the P, C1, and C3 atoms to form a point cloud C' € R3XN %3
as the geometric feature input, and use the K-nearest neigh-
bor algorithm to construct a topological graph, which forms
the 4-layer GVP graph network to encode RNA structural
representations. We fuse the MSA and structural features us-
ing an 8-head attention mechanism to constrain the structure
of generated RNA sequences:

G = GVP(C), 5)
W, Hy - (W,C)T

p = Ladd VVRY) oy, 6

T d (6)

where H is the hidden states of the last layer of the RMSA-
Decoder part, W, Wy, W,, are trainable parameters of an
attention head, and d;, = 512 is the embedding size of the
GVP feature. H replaces Hy to output layer and fine-tunes
the generation.

Generating by Sampling

During inference, the RNA sequence is generated by sam-
pling method (Fan, Lewis, and Dauphin 2018), with top-
k, top-p sampling. Following (Ferruz, Schmidt, and Hocker
2022b; Madani et al. 2023), biological sequences such as
RNAs can have vast and highly diverse range of valid struc-
tures and functions, the sampling method, compared to the
commonly used beam search method in natural language
generation, can generate more diverse sequences and avoid
over-fitting to few results.

When selecting these parameters, we refer to the selec-
tion method used by (Ferruz, Schmidt, and Hocker 2022b;
Madani et al. 2023). The top-k ranges from 100 to 1200, se-
lecting every 50 increment. top-p ranges from 0.6 to 1.0, se-
lecting every 0.05 increment. For each type of sampling, the
hyper-parameters in the unconditional mode generate 100
sequences. The optimal parameters are those for which base
composition ratio is closest in comparison to the most sim-
ilar sequences from RNAcentral (rna 2019) (the sequences
of RNAcentral is natural sequences). We have determined
that the optimal top-k is 1000 and top-p is 0.7. To ensure
diversity in the generation, the temperature is set to 1.0.

Experiment

Implementation Details

All models are implemented using PyTorch (Paszke et al.
2019) across eight NVIDIA A100 GPUs. The models are
trained employing the AdamW optimizer (Loshchilov and
Hutter 2017) with a batch size of 1. During training,
the learning rate is varied following the strategy outlined
by (Vaswani et al. 2017). For inference, the temperature is
set to 1.0, top-k to 1000, and top-p to 0.7.

Datasets

Datasets for RMSAGen Pre-Training We utilize data
from the bpRNA database (Danaee et al. 2018) as query se-



quences and employ the rMSA method (Zhang, Zhang, and
Pyle 2023) to construct corresponding MSAs. We divide the
rest every 128 sequences to form new MSAs (to better cap-
ture the features of the MSA, we ensure that the first 10% of
each new MSA retains sequences similar to the query). The
output sequences are the same as the query sequences.

Datasets for Predicting RNA Family We obtain new
query sequences from the mmcif2pdb', and employ the
rMSA method (Zhang, Zhang, and Pyle 2023) to construct
corresponding MSAs, using the same method as for the
pre-training data construction. We use the cm models in
Infernal (Nawrocki and Eddy 2013) for functional/family
annotation, and we select the top 11 most populous func-
tions/families to ensure the model can learn the features,
namely 5S ribosomal RNA (RF00001), U2 spliceosomal
RNA (RF00004), tRNA (RF00005), U5 spliceosomal RNA
(RF00020), U6 spliceosomal RNA (RF00026), group I cat-
alytic intron (RF00028), FMN riboswitch aptamer (RFN el-
ement) (RF00050), purine riboswitch aptamer (RF00167),
glmS glucosamine-6-phosphate activated ribozyme aptamer
(RF00234), SAM/SAH riboswitch aptamer (RF01727), bac-
terial large subunit ribosomal RNA (RF02541). These RNA
families are deliberately selected to represent a diverse spec-
trum of functional RNA classes, thereby providing a rigor-
ous and comprehensive evaluation of classification of RM-
SAGen performance across different RNA families.

Datasets for Predicting RNA Solvent Accessibility We
extract RNA data and atomic coordinates of each nucleotide
from the PDB database. Using solvent accessibility tools, we
calculate the accessible surface area for each base. Incom-
plete or fragmented RNA entries are filtered out to maintain
data quality. Finally, we construct data correlating RNA se-
quences with base solvent accessibility.

Datasets for RBP-guided RNA Design For this task, we
utilize RNAcompete data (Ray et al. 2017) as the dataset.
We select these datasets because they adequately represent
the categories of sequences of RBPs, with the RNAcompete
data comprising 133 RBPs.

We use the MAFFT (Katoh et al. 2002) tool to convert
the sequences of these RBPs into the format of MSAs. For
MSAs inputted with sequence counts of 1, 10, 50, and 128,
we prioritize and organize them based on the number of con-
served bases in the sequences, selecting those with the high-
est number of conserved bases first for the construction of
the input MSAs. The output sequences are consistent with
the pre-training, serving as the query sequences. The output
sequence is the query sequence of the MSA, which is con-
sistent with the pre-training.

Datasets for Ribozyme Design We obtain tertiary struc-
ture data from the RNAsolo (Adamczyk, Antczak, and
Szachniuk 2022) database and annotate sequences extracted
from these structures using the cm models from Infernal
tool (Nawrocki and Eddy 2013). We select structures of
RNA families with aligned sequence lengths less than 512,
along with their corresponding RNA family MSAs, as input

"https://mmcif.wwpdb.org/
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for training data. The output consists of sequences extracted
from the structures.

Evaluation

For the task of predicting RNA family, we use Accuracy and
F1 score as evaluation metrics.

For the task of predicting RNA solvent accessibility, we
use R-squared, MAE and RMSE score as evaluation met-
rics. For the RBP-guided RNA design task, we employ
PrismNet (Sun et al. 2021) as a tool to evaluate whether
RNA and protein can bind (Sun et al. 2021; Jiang et al.
2025¢). We use the Accuracy, AUC, and AUPRC metrics
from the PrismNet tool as evaluation metrics of this task.
For the ribozyme design task, we employ a secondary struc-
ture similarity evaluation method (F1) and a tertiary struc-
ture similarity evaluation method (RMSD) to verify if the
structures of the generated sequences resemble those of the
wild type. Sequence similarity is used to evaluate the re-
semblance to the wild type sequence, with lower values in-
dicating higher diversity.

Baselines

For task of prediction of RNA family and solvent acces-
sibility, we adopt existing language models proficient in
RNA classification or RNA MSA as baselines. These in-
clude RNA-FM (Shen et al. 2024a; Chen et al. 2022), a
foundation model for RNA based on the bert architecture,
and RNA-MSM (Zhang et al. 2023), a language model for
RNA multiple sequence alignment.

For the RBP-guided RNA design task, given its novelty
and the absence of appropriate baselines, we opt to compare
our approach with natural sequences, as well as genetic al-
gorithm (GA) and random splicing methods as baselines.

This implies that if the sequences generated by RM-
SAGen perform similarly to or exceed natural sequences in
effectiveness, and can demonstrate a significant distinction
from sequences generated by GA and random methods, it
indicates that the generated sequences are of high quality.

For ribozyme design, in order to evaluate whether the ri-
bozyme sequences designed by RMSAGen are active, and to
validate RMSAGen as a viable tool in biology, we therefore
proceed without baselines for this application.

Results and Analysis
Prediction of RNA Family

The performance of the RMSA-Encoder (component within
RMSAGen) is systematically evaluated through a classi-
fication task spanning eleven distinct classes. RMSAGen
demonstrates superior classification capabilities in its per-
formance distribution, achieving an accuracy (ACC) of
0.692 and an F1 score of 0.572. These results notably
surpass those of RNA-FM (ACC: 0.600, F1: 0.458) and
RNA-MSM (ACC: 0.578, F1: 0.440). The detailed results
in Table 1 highlight distinct performance variations across
the eleven RNA classes. RMSAGen consistently outper-
forms both RNA-FM and RNA-MSM in every RNA fam-
ily, demonstrating significant improvements in classifica-
tion accuracy and F1 scores. Particularly striking are the
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Figure 2: Comparison of Accuracy results for different
methods on the classification tasks across eleven classes.
The average quantitative results of Accuracy are separately
annotated corresponding to each method.
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Figure 3: Comparison of F1 results for different methods
on the classification tasks across eleven classes. The aver-
age quantitative results of F1 are separately annotated corre-
sponding to each method.

results for U2 spliceosomal RNA (RF00004), where RM-
SAGen achieves an impressive ACC of 0.795 and F1 of
0.654, demonstrating superior embedding information ex-
traction capabilities. The consistent superiority across di-
verse RNA families underscores the effectiveness of the
RMSA-Encoder component in capturing distinctive molec-
ular features, suggesting its potential for effectively distin-
guishing between different RNA families.

By predicting the function of RNA MSAs, we can deter-
mine that the RMSA-Encoder component of RMSAGen ex-
tracts MSA features more accurately compared to RNA-FM
and RNA-MSM, which provides MSA feature representa-
tions for subsequent RNA design and generation.

Prediction of RNA Solvent Accessibility

In the RNA solvent accessibility prediction task (Table 2),
RMSAGen consistently achieves the best performance with
respect to R-squared, MAE, and RMSE. Compared to RNA-
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Data | RNA-FM RNA-MSM RMSAGen

| ACC F1 ACC Fl1 ACC Fl1
RF00001 | 0.58 0418 0.558 0.407 0.673 0.523
RF00004 | 0.7 0523 0.678 0.505 0.795 0.654
RF00005 | 0.635 0.467 0.613 045 0.736 0.584
RF00020 | 0.575 0.429 0.553 0.415 0.677 0.536
RF00026 | 0.605 0.453 0.583 0.435 0.702 0.566
RF00028 | 0.615 0.498 0593 048 0.711 0.623
RF00050 | 0.53 0.398 0.508 0.38 0.628 0.498
RF00167 | 0.545 0.402 0.523 0.385 0.642 0.503
RF00234 | 0.615 0.45 0593 043 0.711 0.562
RF01727 | 0.59 0433 0.568 0.415 0.688 0.541
RF02541 | 0.525 037 0503 035 0.623 0.462

Table 1: The quantitative results of classification tasks
on different methods validate the effectiveness of RM-
SAGen (RMSA-Encoder) in extracting embedding informa-
tion across eleven RNA classes, with ACC and F1 metrics.
The best performance is highlighted.

Models | R-squared T | MAE | | RMSE |
RNA-FM 0.5795 0.1491 0.4165
RNA-MSM 0.6269 0.1608 0.3923
RMSAGen ‘ 0.6512 ‘ 0.1463 ‘ 0.3793

Table 2: The quantitative results of RNA solvent accessibil-
ity prediction task on different methods validate the effec-
tiveness of RMSAGen (RMSA-Encoder) in extracting em-
bedding information, with R-squared, MAE and RMSE met-
rics. The best performance is highlighted.

FM and RNA-MSM, RMSAGen attains an R-squared value
of 0.6512, indicating that it more accurately captures struc-
tural information. Furthermore, its MAE and RMSE scores
are 0.1463 and 0.3793, respectively, surpassing the other
models and demonstrating higher predictive precision for
solvent accessibility. In conjunction with the results of func-
tional classification tasks, these findings suggest that RM-
SAGen effectively learns and generalizes key evolutionary
and structural features from MSAs.

RNA design using RNA-binding protein

RMSAGen demonstrates exceptional capabilities in design-
ing RNA sequences based on RBP, as validated through mul-
tiple complementary analyses on the RNAcompete data.

First, on the RNAcompete dataset, the AUPRC scores of
sequences generated by RMSAGen show a low correlation
with those from the Random and GA methods. This suggests
that RMSAGen explores a sequence space distinct from ran-
dom mutations or genetic algorithms.

Experiments on this dataset also show that as the MSA
depth increases from 1, 10, 50, to 128, the AUC value
steadily improves, highlighting the beneficial role of lever-
aging MSA information for enhancing RMSAGen’s per-
formance. Collectively, the analyses on the RNAcompete
dataset underscore the model’s strength. The low AUPRC
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Figure 4: In the solvent accessibility prediction task, the re-
sult of the RMSA-Encoder.

correlation with Random and GA methods confirms the
uniqueness of the generated sequences, while the steady in-
crease in AUC with MSA depth, from 1 to 128 sequences,
decisively shows that leveraging more evolutionary informa-
tion enhances design quality. These results strongly support
that RMSAGen is a effective approach for designing func-
tional RNA sequences.

Overall, the results indicate that the RMSAGen method is
a effective approach for designing RNA sequences that can
effectively bind to target RBPs. Using MSA data further en-
hances the performance of RMSAGen, showcasing the im-
portance of leveraging evolutionary information in the RNA
design process.

Ribozyme Design

We further validate RMSAGen through computational and
biological verification in ribozyme design.

Results of Computational Experiment. RMSAGen gen-
erates the ribozymes (hammerhead). Unlike previous meth-
ods, we first obtain information on aligned secondary struc-
tures of the type of ribozyme of Rfam (RF00163), pro-
cessed through R-scape to acquire the MSA. We then in-
tegrate this information with the wild type structural data
of the three ribozymes to generate sequences (for the fu-
sion structure method). We observe that the designed se-
quences exhibit a high degree of secondary structural sim-
ilarity, with RNAfold (Lorenz et al. 2011) predicting struc-
tures that match the wild type with a similarity score of 1.00.
In addition, the tertiary structures predicted by Alphafold3
show an average Root Mean Square Deviation (RMSD)
from the wild type of 5.71A, indicating that the designed ri-
bozymes closely resemble the wild type structures. Notably,
the sequence similarity between the RMSAGen-designed
sequences and the wild type averages at 52.37%, further
demonstrating that RMSAGen effectively designs RNA with
excellent computational metrics.

Results of Biological Experiment Hammerhead RNAs
(RF00163) generated by RMSAGen not only achieve ex-
cellent performance in computational evaluations, but also
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Figure 5: Performance evaluation of different methods on
the RNAcompete data.

exhibit clear catalytic activity in biological experiments.
To assess their functionality, biological validation was con-
ducted as follows: Single-stranded DNA oligos and T7
transcription-related enzymes were sourced from a commer-
cial supplier. All chemicals used were of reagent grade and
applied without further purification.

Transcription reactions were performed in a 20 pL system
containing standard T7 transcription buffer, ImM DTT, 1uL
T7 RNA polymerase (50U/uL), 1uM T7 promoter oligo,
and 1 uM template oligo comprising the complementary se-
quence of the hammerhead RNA and the T7 promoter bind-
ing site. Additionally, 0.5 L RNase inhibitor was included
to prevent RNA degradation. The reaction mixtures were in-
cubated at 37 °C for 16 hours to allow in vitro transcrip-
tion. Following transcription, 1 L. DNase-I was added and
the mixtures were incubated for 1 hour to ensure complete
digestion of DNA templates. Transcription products were
analyzed directly by denaturing polyacrylamide gel elec-
trophoresis (urea-PAGE), using a 10% polyacrylamide gel
containing 8 M urea in 1x TBE buffer. After electrophore-
sis, gels were imaged using an Amersham Typhoon Scanner
(GE Healthcare), and band intensities were quantified with
ImagelJ software. The results (Figure 6¢), demonstrate that
the hammerheads generated by RMSAGen are catalytically
active, as evidenced by the presence of cleavage products
in the electrophoresis gel images. This confirms that the de-
signed sequences are not only computationally promising,
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Figure 6: Results of Hammerhead design. a is secondary structure of the wild type (The structural image is from Rfam). b is
sequence information. ¢ is biological gel electrophoresis image. d is tertiary structure of the designed sequence aligned with

the wild type.

but also function effectively in biological settings.

Related Works
Multiple Sequence Alignment Modeling

In the field of bioinformatics, multiple sequence align-
ment (MSA) emerges as a powerful computational ap-
proach for understanding evolutionary relationships and
functional characteristics of biological sequences (Cozzetto
et al. 2016). Previous research predominantly focuses on
protein sequence analysis (Ovchinnikov et al. 2017; Wang
et al. 2019), demonstrating the critical importance of con-
served genetic information in deciphering sequence features
and functional mechanisms. Notably, advanced computa-
tional methods such as AlphaFold2 (Jumper et al. 2021),
AlphaFold3? and DeepMSA2 (Zheng et al. 2024) leverage
MSA to revolutionize protein structure prediction and func-
tional annotation, showcasing the technique’s potential for
extracting meaningful evolutionary signals.

RNA Design

RNA design is of great importance in modern biomedicine
and drug discovery (Mortimer, Kidwell, and Doudna 2014;
Kulkarni et al. 2021), but RNA sequences present a uniquely
challenging area due to their inherent flexibility and struc-
tural complexity (Xu et al. 2022; Liu et al. 2022). MSA
provides additional information that aids in protein mod-
eling, suggesting that it could also benefit RNA modeling.
Currently, approaches like DeepFoldRNA (Pearce, Omenn,
and Zhang 2022), trRosettaRNA (Wang et al. 2023), and
RhoFold+ (Shen et al. 2024b) utilize MSAs to characterize
RNA, but these methods do not explore leveraging MSAs for

*https://github.com/google-deepmind/alphafold3
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direct sequence generation. Other methods rely on single-
sequence models like DRFold2 (Li et al. 2023), leaving
a critical gap in MSA-driven RNA sequence design. This
gap highlights the need for an innovative method that can
directly utilize MSA information for functional RNA se-
quence generation, bridging the current limitations in com-
putational RNA design. Therefore, we propose RMSAGen,
that leverages MSAs to design functional RNA sequences.

Conclusion and Outlook

RMSAGen combines MSA with an RNA generation model,
offering an approach to the design of functional RNAs. This
paper demonstrates, through a multidimensional evaluation
of RNA family prediction, protein-binding RNA design, and
ribozyme design, that RMSAGen can not only capture key
MSA features but also design RNA sequences with biolog-
ical activity. Ultimately, by bridging evolutionary insights
with generative AI, RMSAGen provides a framework for
overcoming the scarcity of functional RNA data, paving the
way for more RNA engineering.

Looking ahead, we aim to scale RMSAGen to longer
sequences for complex RNA machinery and optimize effi-
ciency via advanced attention mechanisms. Furthermore, in-
corporating chemical modification data could significantly
enhance the therapeutic stability and efficacy of the de-
signed RNAs. We also envision extending this framework
to co-design RNA-protein complexes, thereby expanding the
toolkit for synthetic biology and next-generation RNA thera-
peutics. Additionally, integrating wet-lab feedback loops di-
rectly into the training process will be crucial for refining
the model’s predictive accuracy and accelerating the design-
build-test cycle.
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