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NucleicBERT interprets RNA sequence space 
through self-supervised language modelling
 

Utkarsh Upadhyay    1, Julian Herold3, Markus Götz    2,3 & 
Alexander Schug    1,3 

Much of the human genome’s non-protein-coding fraction acts directly 
through RNA, yet the structural and functional roles encoded in these 
sequences remain poorly understood. Applying deep learning is hindered 
by scarce RNA structural data and it remains unclear what biological 
constraints such models can recover directly from the abundant RNA 
sequences alone. Here, to address these challenges, we developed 
NucleicBERT, a self-supervised masked-language model that learns 
contextual representations from single sequences without evolutionary 
information. Explainable artificial intelligence analyses show that the model 
organizes RNA sequences in latent space and encodes structural properties 
indicating that biologically meaningful constraints are learned from 
sequence correlations alone. When fine-tuned for downstream structural 
and functional tasks, NucleicBERT requires only single sequences while 
matching or exceeding current RNA prediction models. This alignment-free 
framework addresses the scarcity of annotated 3D RNA data while providing 
a rapid, computational complement to experimental techniques. By 
bridging abundant unlabelled sequence data with scarce structural 
annotations, NucleicBERT advances RNA structure prediction and informs 
how large language models encode biological information.

RNA plays essential roles in cellular processes ranging from genetic 
information transfer to forming the structural and catalytic core of the 
ribosome1. Noncoding RNAs (ncRNAs) regulate gene expression2,3, yet 
the functionality of many remains poorly characterized. This knowl-
edge gap represents both a fundamental scientific challenge and an 
opportunity for therapeutic development. In particular, RNA-targeted 
drug discovery4,5 would benefit from improved structure–func-
tion predictions, as bacterial drug resistance6 frequently involves 
ribosomal targets.

While RNA structure is critical for understanding function, 
experimental structure determination remains technically chal-
lenging and low-throughput. Although NMR spectroscopy and 
X-ray crystallography7,8 provide detailed structural information, 
these approaches are labour-intensive, requiring substantial time 
and resources. Despite recent advances in cryo-electron microscopy 

(cryo-EM)9, experimental bottlenecks persist, underscoring the need 
for scalable computational alternatives.

The success of deep learning in protein-structure prediction10,11 
has inspired similar efforts for RNA. However, RNA structure predic-
tion faces a fundamental data scarcity problem: while sequencing 
technologies have generated millions of RNA sequences, the corre-
sponding structural data remains limited. This sequence–structure 
gap represents a major obstacle in computational structural biology.

Current computational approaches largely rely on evolutionary 
information extracted from multiple sequence alignments (MSAs). 
Direct coupling analysis (DCA)12–14 pioneered the use of coevolutionary 
signals for protein-structure prediction, with subsequent adaptation 
to RNA15. Supervised methods such as RNAContact16, CoCoNet17 or 
the transformer-based model BARNACLE18 build on these founda-
tions to predict structural interactions from sequences. However, 
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explainability of this AI model. Across the downstream tasks, we report 
NucleicBERT under two training regimes: full fine-tuning, in which all 
backbone and head parameters are updated jointly, and linear prob-
ing, in which the pretrained backbone is frozen and only a task-specific 
head is trained. We also show the performance of a randomly initialized 
model under both regimes. This disentangles two effects that have 
not previously been discussed: how much downstream performance 
comes from the quality of pretrained representations, and how much 
comes from end-to-end task adaptation. Parameter counts in Table 1 
are taken from the respective original publications; thermodynamic 
and small-convolutional neural network (CNN) baselines are included 
for reference but their parameter counts are not directly comparable 
to those of the language models.

Pretraining performance validation
To validate the effectiveness of our pretraining strategy, we conducted 
a comprehensive evaluation of the masked language modelling task 
on a subset of our validation data. NucleicBERT is trained to predict 
the identity of nucleotides that have been randomly masked out of 
RNA sequences

ℒMLM = ∑
i∈M

logp(xi|x∉M), (1)

where for a randomly generated mask M that includes certain positions 
i in the sequence x, the model predicts the identity of the nucleotides 
xi from the unmasked sequence x∉M (see the ‘Pretraining architecture 
and dataset’ section in the Methods).

Our pretrained model achieved a mean accuracy of 0.831 on the 
masked token prediction task, representing a substantial improvement 
over the non-pretrained model baseline. This substantial performance 
gain demonstrates that our model captures complex sequence depend-
encies through the pretraining process (Fig. 2a).

We evaluated model performance using perplexity, a standard 
metric for language models that measures the model’s uncertainty 
when predicting tokens. Perplexity is defined as the exponential of the 
negative log-likelihood of the sequence. For masked language models 
such as NucleicBERT, we compute pseudo-perplexity22 as

PPLpseudo(x) = exp(− 1
L

L
∑
i=1

logp(xi|x≠i)) , (2)

where L is the length of the input sequence and p(xi∣x≠i) represents the 
probability of nucleotide xi given all other nucleotides in the sequence. 
Lower perplexity values indicate that the model confidently assigns 
high probabilities to correct predictions, while higher perplexity sug-
gests greater uncertainty. Our model demonstrates a strong calibrated 
confidence relationship between perplexity and accuracy.

The high accuracy combined with the strong perplexity–accuracy 
correlation establishes that our model successfully learned to distinguish 
between probable and improbable RNA sequence patterns. These pre-
training results provide empirical support for our approach and establish 
confidence in the quality of learned representations that we apply to 
subsequent structural prediction tasks and explainable AI analyses.

these approaches face practical limitations: evolutionary analysis is 
computationally expensive, and high-quality MSAs are unavailable 
or shallow for many RNA families. Recent RNA models have improved 
performance on specific tasks, yet most remain constrained by data 
dependencies and narrow task design.

Here, we present NucleicBERT, a large language model designed 
to overcome these limitations by learning directly from single RNA 
sequences. Trained on 30 million ncRNA sequences using masked 
language modelling, NucleicBERT achieves competitive or superior 
performance across diverse structural and functional prediction tasks 
without relying on evolutionary information. Based on the bidirectional 
encoder representations from transformers (BERT) architecture19, our 
model treats nucleotides as tokens and RNA sequences as sentences, 
enabling it to capture long-range and context-dependent relation-
ships through self-attention mechanisms (Fig. 1; see the ‘Pretraining 
architecture and dataset’ section in the Methods). This design enables 
large-scale, alignment-free learning and generalization across diverse 
RNA types and prediction tasks.

While recent RNA language models such as RNA-FM20 and 
RiNALMo21 emphasize large-scale pretraining and predictive perfor-
mance, NucleicBERT is designed to probe what biological constraints 
can be learned from RNA sequence alone. Through single-sequence 
self-supervision and systematic interpretability and perturbation anal-
yses, we link learned representations to known structural and evolution-
ary constraints, shifting the focus from model scaling to understanding 
how language models encode biologically meaningful information.

A critical challenge in applying deep learning to biological prob-
lems is model explainability. To address this, we perform a system-
atic explainable artificial intelligence (AI) analysis to understand 
the biological knowledge NucleicBERT captures, a level of inter-
pretability assessment not previously conducted for RNA language 
models. Through saliency mapping, attention-weight profiling and 
perturbation-based sensitivity analysis, we demonstrate how the model 
identifies structurally and functionally important sequence regions, 
thereby providing mechanistic insight into its internal representations 
and decision-making process.

We make three primary contributions: (1) NucleicBERT achieves 
competitive or superior performance compared with specialized 
tools across a range of structural and functional prediction tasks; (2) 
its modular, transformer-based architecture enables straightforward 
adaptation to new downstream applications; and (3) by incorporat-
ing explainable AI techniques, NucleicBERT goes beyond black-box 
modelling to provide transparent interpretation of its learned rep-
resentations. In addition, NucleicBERT uses a direct, lightweight 
sequence-embedding scheme that keeps the model simple while sup-
porting broad downstream utility.

This establishes NucleicBERT as a single-sequence model for RNA, 
unifying structure and function prediction within a single interpret-
able framework that can accelerate both fundamental discovery and 
therapeutic development.

Results
Here, we present the results for NucleicBERT, evaluate whether pretrain-
ing captures task-relevant RNA sequence information, describe the per-
formance of our model on multiple downstream tasks and analyse the 

Fig. 1 | NucleicBERT architecture and training pipeline. a, The full pipeline 
showing the complete workflow from data preprocessing through final 
predictions. b, The base model architecture features transformer layers with 
multi-head attention and positional encodings to process sequence information. 
c, The pretraining uses masked language modelling on large datasets to learn 
basic nucleic acid patterns and relationships. d, The downstream training 
fine-tunes the pretrained model for specific tasks such as secondary-structure 
prediction and contact map prediction. We show only two tasks for brevity, and 

adding new tasks is straightforward. e, An example contact map prediction from 
the fine-tuned model, with long-range precision (>24 residues) at top-L/5, top-L/2 
and top-L given above the panel. f, An example secondary-structure prediction, 
showing the reference structure (left) alongside the model prediction for the 
same sequence (right). g,h, Model explainability through saliency analysis 
reveals which input positions are most influential for predictions (g), and 
attention maps (h) capture biologically meaningful patterns such as base-pairing 
boundaries and long-range dependencies.
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PHATE analysis of RNA sequence embeddings
To investigate the information captured by NucleicBERT’s embeddings, 
we used PHATE23, a diffusion-based dimensionality reduction method 
designed to preserve local and global structure in high-dimensional 
data. We projected pooled embeddings of seven RNA functional cat-
egories from three sources: the pretrained NucleicBERT model, a 
randomly initialized NucleicBERT model with identical architecture 
and a 6-mer frequency representation that serves as a parameter-free 
baseline. The 6-mer representation is the L1-normalized count vector 
over all 4,096 hexamer tokens of each sequence (see the ‘Pretraining 
architecture and dataset’ section in the Methods). Figure 2b shows 
the three projections side by side. The pretrained model produces 
more clearly separated RNA-family structure than the random-init and 
6-mer baselines, including separation of similarly sized but functionally 
distinct piRNAs and siRNAs. The randomly initialized model produces 
a uniform circular distribution with mixed categories, an expected 
geometry for high-dimensional random vectors under diffusion-based 
reduction23. The 6-mer projection produces a sparse star-shaped layout 
in which class identity is largely lost. To move from visual inspection to 

a quantitative comparison, we computed k-nearest neighbours (kNN) 
classification accuracy (k = 15) directly in the embedding spaces (not 
on the 2D projections), where each sequence’s RNA family is predicted 
by majority vote among its 15 nearest neighbours under Euclidean 
distance (Extended Data Table 1). Across all seven classes (n = 7,000), 
pretrained NucleicBERT shows robust performance: the advantage 
over the baselines persists when the analysis is restricted to the five 
mid-sized classes (lengths in [50, 500]) and when classes are explicitly 
length-matched. The randomly initialized backbone’s non-trivial accu-
racy is an interesting observation. Two simple length-and-composition 
baselines explain most of it: a length-only kNN reaches 0.592 ± 0.057, 
and a length plus ACGU-composition kNN reaches 0.746 ± 0.017, both 
close to the random-init backbone. This is consistent with recent work 
showing that untrained transformers act as nonlinear random fea-
ture extractors that preserve compositional and length statistics of 
their inputs24,25. In our setup, mean-pooling over 32 layers and all valid 
positions makes the random-init embedding effectively a function 
of sequence length, GC content and a random nonlinear mixture of 
token statistics, all of which differ systematically across RNA families 

Table 1 | NucleicBERT performance comparison across multiple downstream tasks

Secondary structure prediction performance

Method Parameters ArchiveII600 TS0

Precision ↑ Recall ↑ F1 ↑ Precision ↑ Recall ↑ F1 ↑

RNAfold28 – 0.565 0.627 0.592 0.494 0.631 0.536

E2Efold30 0.72M 0.738 0.665 0.690 0.140 0.129 0.130

MXfold229 0.80M 0.788 0.760 0.768 0.519 0.646 0.558

RNABERT31 0.48M 0.634 0.649 0.641 0.435 0.527 0.477

RNA-FM20 99.5M 0.752 0.737 0.744 0.518 0.620 0.564

RNAErnie+32 105M 0.886 0.870 0.875 0.575 0.678 0.622

NucleicBERT, fine-tuned 404M 0.915 0.848 0.872 0.718 0.610 0.649

NucleicBERT, linear probe 404M 0.819 0.539 0.581 0.622 0.283 0.342

Random init, fine-tuned 404M 0.640 0.503 0.522 0.285 0.184 0.204

Random init, linear probe 404M 0.027 0.003 0.005 0.021 0.002 0.004

Contact map prediction performance (long-range, ≥24 residue separation)

Method Parameters Top-L/5 ↑ Top-L/2 ↑ Top-L ↑

RNA-FM20 99.5M 0.163 0.148 0.142

RiNALMo21 650M 0.508 0.445 0.389

NucleicBERT, fine-tuned 404M 0.616 0.549 0.460

NucleicBERT, linear probe 404M 0.573 0.493 0.423

Random init, fine-tuned 404M 0.472 0.422 0.355

Random init, linear probe 404M 0.199 0.173 0.157

Splice-site prediction accuracy across species (mean of donor and acceptor)

Model Params Zebrafish ↑ Fly ↑ Worm ↑ Plant ↑ Average ↑

Spliceator36 – 0.935 0.929 0.916 0.929 0.927

SpliceBERT38 19.4M 0.957 0.946 0.934 0.936 0.943

DNABERT37 86M 0.951 0.931 0.909 0.909 0.925

RiNALMo21 650M 0.972 0.945 0.926 0.939 0.945

NucleicBERT, fine-tuned 404M 0.964 0.949 0.935 0.944 0.948

NucleicBERT, linear probe 404M 0.444 0.459 0.423 0.469 0.449

Random init, fine-tuned 404M 0.832 0.863 0.848 0.841 0.846

Random init, linear probe 404M 0.349 0.404 0.255 0.322 0.333

For NucleicBERT and a randomly initialized backbone with identical architecture, we report two training regimes: ‘fine-tuned’, where all parameters are updated jointly, and ‘linear probe’, 
where the backbone is frozen and only the task-specific head is trained. Parameter counts are taken from the respective original publications. Bold values indicate the method achieving the 
best result for each metric. Downstream benchmark values for NucleicBERT and random-init controls are single-run evaluations on fixed test sets; replicate standard errors are therefore not 
reported. F1, F1-score.
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(siRNAs are short and uniform-length, rRNAs are long and GC-rich). The 
relevant comparison is therefore not pretrained versus random-init 
in absolute terms, but the gap between them under length-matched 
conditions, where trivial features are controlled out. This supports the 
conclusion that masked language modelling produces representations 
encoding RNA-family-relevant sequence regularities beyond length 
and composition.

Performance on downstream tasks
Secondary-structure prediction. To evaluate NucleicBERT’s capac-
ity for secondary-structure prediction, we conducted comprehen-
sive benchmarking against established baseline methods using two 
widely adopted datasets in the RNA structure prediction commu-
nity. Our evaluation employed the ArchiveII60026 dataset, a subset of 
ArchiveII containing 3,975 RNA structures from ten RNA families with 
sequence lengths under 600 base pairs, and the TS0 dataset from 
bpRNA-1m27, comprising 1,305 test structures with lengths ranging 

from approximately 100 to 500 base pairs and 80% sequence identity 
clustering to ensure diversity (see the ‘Secondary-structure archi-
tecture and dataset’ section in the Methods). Table 1 presents the 
comparison of NucleicBERT against several state-of-the-art methods, 
including traditional thermodynamic approaches (RNAfold28), recent 
deep learning models (MXfold229 and E2Efold30) and contemporary 
RNA language models (RNABERT31, RNA-FM20 and RNAErnie+32). We 
used the published numbers to ensure identical metrics.

NucleicBERT demonstrates excellent performance across both 
evaluation datasets while using a simpler post-processing method (see 
the ‘Secondary-structure architecture and dataset’ section in the Meth-
ods). We have 𝒪𝒪(n2)  time complexity versus 𝒪𝒪(n3)  for dynamic 
programming-based methods33, full GPU parallelization without 
CPU-bound bottlenecks, and end-to-end learning that eliminates the 
need for thermodynamic parameter integration.

The linear-probing rows show the value of pretraining signal. With 
the backbone frozen and only the head trained, NucleicBERT reaches 
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Fig. 2 | Pretraining validation and unsupervised biological discovery. 
a, NucleicBERT pretraining validation through an accuracy–perplexity 
relationship. Scatter plots comparing masked token prediction accuracy versus 
pseudo-perplexity for the non-pretrained model (left) and the pretrained 
model (right). Points are coloured by RNA sequence length. The non-pretrained 
model shows no meaningful relationship between perplexity and accuracy, 
with most predictions clustering near 0% or 25% accuracy. This distribution 
arises because the non-pretrained model consistently predicts a single token, 
resulting in accuracy that directly reflects the frequency of that token in the 
masked positions. Short sequences predominantly show 0% accuracy owing 
to insufficient masked tokens to reliably sample this frequency, while longer 
sequences approach 25% accuracy as they converge to the correct distribution. 

However, the pretrained model demonstrates a strong negative correlation 
between perplexity and accuracy, indicating calibrated confidence where low 
perplexity (high confidence) corresponds to high accuracy. This relationship 
validates that our pretraining process successfully learned meaningful RNA 
sequence representations beyond random guessing. b, PHATE projections of 
RNA sequence embeddings from three sources, coloured by RNA family (labels 
assigned for visualization only and not used during pretraining or projection). 
Left: a randomly initialized NucleicBERT. Middle: a pretrained NucleicBERT. 
Right: a 6-mer frequency representation. Quantitative kNN accuracies 
(computed in the original embedding spaces, not on the 2D projections shown) 
are reported in Extended Data Table 1.
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an F1 of 0.581 on ArchiveII600, while a randomly initialized backbone 
under the same protocol achieves an F1 of 0.005. The gap between 
these two rows is direct evidence that masked language modelling 
objective produces representations that already encode relevant 
features, before any task-specific gradient update. Full fine-tuning 
then adds a further 29 absolute F1 points on ArchiveII600, indicat-
ing that some structural information still has to be learned through 
downstream training.

On the more challenging TS0 dataset, NucleicBERT shows a similar 
performance. The consistent performance advantage across diverse 
RNA families and sequence lengths demonstrates the robustness of 
the learned representations and their transferability to downstream 
structural prediction tasks.

Distance and contact map prediction. To assess NucleicBERT’s capa-
bility for distance and contact map prediction, with the latter resulting 
from thresholding the former, we conducted extensive evaluations 
on datasets derived from high-resolution RNA structures. Such a pre-
diction represents a fundamental step towards understanding RNA 
tertiary structure, as it captures long-range nucleotide interactions 
and serves as a proxy for 3D structure prediction.

We evaluated NucleicBERT on two complementary datasets: a 
NucleoSeeker-generated34 dataset containing 408 RNA structures 
and a Bowling Green State University (BGSU)35 representative dataset 
comprising 467 structures (see the ‘Tertiary-structure prediction 
architecture and dataset’ section in the Methods).

In Table 1, we compare NucleicBERT against current state-of-the-art 
RNA language models, including RiNALMo and RNA-FM. NucleicBERT 
outperformed the evaluated baselines. We calculate the top-L met-
rics for ≥24 residue separation, as this represents the most chal-
lenging aspect of this task, and these interactions are often critical 
for tertiary-structure formation but cannot be inferred from local 
sequence patterns.

NucleicBERT outperformed its random-init counterpart by 
roughly 11 absolute Top-L points under fine-tuning (0.460 versus 0.355) 
and by roughly 27 points under linear probing (0.423 versus 0.157). 
End-to-end adaptation also helps in both regimes, but it helps less when 
the starting representation is already informative: for Top-L/5, the gap 
between linear probing and full fine-tuning is only 0.616 versus 0.573 
for pretrained NucleicBERT, compared with 0.472 versus 0.199 for ran-
dom init. This pattern supports the interpretation that the pretrained 
representation already contains contact-relevant information. Accord-
ingly, the downstream head requires less task-specific adaptation than 
when trained on a randomly initialized backbone.

Splice-site prediction. When genes are first copied from DNA to RNA, 
they contain both protein-coding regions (exons) and noncoding 
segments (introns). RNA splicing removes introns and joins exons 
together to produce mature mRNA. Their precise prediction is critical 
for genome annotation and functional genomic studies.

To assess NucleicBERT’s capability in this functional prediction 
task, we evaluated its performance on splice-site classification using 
established benchmark datasets (see the ‘Splice-site prediction archi-
tecture and dataset’ section in the Methods). Table 1 presents the 
comparison of NucleicBERT against established splice-site prediction 
methods across four different species: zebrafish, fly, worm and plant. 
The benchmark includes both traditional machine learning approaches 
(Spliceator36) and recent deep learning models (DNABERT37, Splice-
BERT38 and RiNALMo21).

We make an interesting observation between linear probing 
(0.449 average) and full fine-tuning (0.948 average) because the gap 
is wider here than for any other downstream task. Two properties of 
the splice-site benchmark explain this. First, the task is abundantly 
labelled: each species comes with 10,000 positive and 10,000 nega-
tive 600-nucleotide windows centred on a GT or AG dinucleotide (see 

the ‘Splice-site prediction architecture and dataset’ section in the 
Methods), which is enough labelled data for even a 404M-parameter 
random-init backbone to reach 0.846 average accuracy when fine-tuned 
end-to-end. The headroom for pretraining to add to fine-tuned perfor-
mance is therefore narrow. Second, it is a simpler binary task where the 
model has to decide whether a single fixed-window sequence contains 
a splice site, a binary judgement that is well-supported by the abundant 
labelled data.

Fitness prediction. To further assess NucleicBERT’s capacity for cap-
turing RNA sequence–function relationships, we implemented a fitness 
prediction task using a comprehensive mutational dataset39 of RNA 
sequences (see the ‘Fitness prediction architecture and dataset’ sec-
tion in the Methods). Here, fitness refers to the self-cleavage activity of 
CPEB3 ribozyme variants. Specifically, fitness measures the proportion 
of RNA molecules that successfully cut their phosphodiester backbone. 
This measure provides a quantitative assessment of how sequence 
mutations affect catalytic efficiency.

We benchmarked NucleicBERT against RiNALMo21 and RNA-FM20, 
alongside a randomly initialized NucleicBERT and a Hamming 
ball-query baseline (see the ‘Fitness prediction architecture and data-
set’ section in the Methods). Under full fine-tuning all three pretrained 
backbones converge to high test-set R2 vlaues (NucleicBERT 0.994, 
RiNALMo 0.991 and RNA-FM 0.996); the random-init backbone reaches 
0.914, and the ball-query baseline shows 0.669. Pretraining yields 
roughly an 8.5-fold reduction in epochs to a useful R2 over random 
initialization (Fig. 3e,f).

We also ran a frozen-probing variant, in which only the regres-
sion head is trained. Here, all four models give R2 ≤ 0. The value of 
pretraining on this dataset is therefore reflected in fine-tuning 
convergence speed and final accuracy, rather than in zero-shot or 
linear-probe performance.

The pretrained models demonstrate (Fig. 3) consistently 
excellent performance across all mutation values. By contrast, the 
non-pretrained models exhibit a different pattern; they perform 
worse on sequences with few mutations but improve as the number 
of mutations increases. Notably, the training data fitness variance 
decreases sharply as mutation count increases, starting at ~0.16 for 
single mutations and approaching zero for highly mutated sequences, 
suggesting that sequences with many mutations converge towards 
similar (probably low) fitness values. This makes higher-order 
predictions easier.

Explainable AI analysis
Understanding decision-making through saliency analysis. 
We conducted a comprehensive saliency analysis by backpropa-
gating loss gradients40,41 to identify input sequence positions 
that contribute most strongly to model predictions. This analysis 
was performed across three key tasks: masked token prediction, 
secondary-structure prediction and contact map prediction, reveal-
ing distinct patterns that provide insights into the model’s learned 
representations.

For the masked token prediction task (Fig. 4a), saliency analy-
sis confirmed that our model correctly focuses on the prediction 
objective42,43. Saliency values consistently showed pronounced spikes 
at positions containing [MASK] tokens, with the highest saliency scores 
occurring precisely at masked positions across sequences. This pattern 
validates that our masking strategy effectively directs the model’s 
focus to the prediction tokens while incorporating relevant local con-
text, confirming that the pretraining objective is being optimized as 
intended and that the model has learned to utilize positional relation-
ships for token prediction.

For secondary-structure prediction (Fig. 4b), saliency analysis 
revealed a more complex relationship between the model’s focus 
and structural elements. While we observed only weak correlations 
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between saliency and base-pairing status, the model showed height-
ened importance at structurally important positions. Notably, the 
strongest saliency spikes occurred at transition points between paired 
and unpaired regions, suggesting that our model learned to iden-
tify structural boundaries and junction points that are critical for 
RNA folding44.

The most compelling evidence for structural learning emerged 
from contact map prediction analysis (Fig. 4g–i), where we observed 
pronounced positive correlations between contact density and sali-
ency. Positions with higher contact degrees consistently received 
greater importance from the model. The correlation strength for 
contact prediction suggests that our model’s attention mechanisms 
are particularly well-suited for capturing long-range interactions and 
three-dimensional structural features. Collectively, these saliency 
analyses demonstrate that our RNA language model has developed 
a hierarchical understanding of RNA structure, from local sequence 
patterns during pretraining to complex structural elements in 
downstream tasks.

Assessing sequence authenticity through perturbation sensitivity. 
Beyond understanding how the model makes decisions, we evaluated 
NucleicBERT’s capacity to distinguish authentic RNA sequences from 
artificially perturbed variants. This sequence authenticity assessment 
serves dual purposes: as a sensitivity analysis revealing the model’s 
learned constraints, and as a biologically meaningful downstream 
task for validating sequence integrity in real-world applications (see 

the ‘Shuffled sequence detection architecture and dataset’ section in 
the Methods).

The model demonstrated remarkable sensitivity to sequence 
integrity, exhibiting a strong negative correlation between shuf-
fle percentage and sequence authenticity classification (r = −0.951,  
P = 4.04 × 10−11). Performance remained robust for minimally perturbed 
sequences, maintaining >85% classification accuracy for shuffle levels 
below 10%. However, a pronounced performance decline occurred 
around the 20–25% shuffle threshold (Fig. 4g–i).

When perturbations were restricted to base-paired residues, 
the model exhibited an even stronger performance correlation  
(r = −0.989, P = 2.43 × 10−17), suggesting heightened sensitivity to dis-
ruptions in structurally important regions. Notably, even under com-
plete base-pair shuffling (100%), the model maintained classification 
accuracy above 55%, indicating that it integrates both local sequence 
context and long-range structural constraints in its authenticity assess-
ment (Fig. 4g–i).

Natural RNA families tolerate an average sequence variation of 
26.9% ± 10.4% (see the ‘Shuffled sequence detection architecture and 
dataset’ section in the Methods), closely matching our shuffle detec-
tion performance. The convergence between the model’s performance 
threshold (~25% shuffle) and the natural sequence variation boundary 
(26.9%) provides compelling evidence that NucleicBERT has internal-
ized biologically relevant constraints on functional RNA sequence 
space (Fig. 4g–i), while complementary work by Lambert et al.45 uses 
generative models to chart ribozyme diversity and functionality.
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Fig. 3 | Fitness prediction on the CPEB3 ribozyme mutagenesis dataset.  
a,b, The absolute prediction error by mutation count for five models, with target 
fitness variance overlaid (right axis, black line), under full fine-tuning, in which all 
parameters are updated (a), and under the frozen probe, in which the backbone 
is fixed and only the regression head is trained (b). c,d, The mean absolute error 
across the fitness value range (sliding window) under full fine-tuning (c) and the 

frozen probe (d). e,f, The R2 progression across 30 training epochs under full fine-
tuning (e) and the frozen probe (f); the nearest-neighbour ball-query baseline 
(R2 = 0.669) is shown as a horizontal reference in both. Pretrained backbones 
are NucleicBERT, RiNALMo 21 and RNA-FM20; the non-pretrained backbone is a 
randomly initialized NucleicBERT.
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Attention patterns reveal structural learning. To investigate how 
NucleicBERT processes different types of structural information, 
we analysed normalized self-attention patterns across layers and 
heads for three distinct downstream tasks: contact map predic-
tion, secondary-structure prediction and shuffle detection as a 
non-structural control task. Following established protocols for  
biological sequence transformers46, we computed normalized 
attention weights to ensure meaningful cross-task comparison. 
The attention heat maps reveal task-specific patterns that provide 
insights into the model’s internal representations of RNA structural 
complexity.

The three tasks demonstrate hierarchical attention specialization. 
Contact map prediction (Fig. 4d) exhibits pronounced attention pat-
terns, concentrated in early-to-middle layers (0–15), with scattered 
patterns in the deeper layers. This pattern suggests distributed process-
ing of spatial relationships essential for tertiary-structure formation47. 
Secondary structure prediction (Fig. 4e) shows heightened attention 
in the initial layers (1–2), with lower attention in the middle layers and 
the distributed pattern in the deeper layers. The deepest layer shows 
high attention again48. Shuffle detection (Fig. 4f) exhibits a uniform 

attention pattern, providing a crucial baseline indicating minimal 
specialization for sequence-level discrimination.

The attention analysis reveals functional hierarchy within Nucle-
icBERT’s architecture. Early layers (0–5) consistently show elevated 
attention across structural tasks, suggesting these components serve 
as general RNA feature extractors for local motifs and base-pairing 
patterns49. Middle layers exhibit task-specific modulation: contact 
map prediction engages specialized high-attention regions while 
secondary-structure prediction shows correspondingly lower atten-
tion in these same regions. The shuffle detection task lacks such special-
ized patterns, confirming that structural tasks engage distinct neural 
pathways. The deeper layers (21–29) show uniform attention patterns 
across all three tasks, suggesting these layers process sequence-level 
information rather than structural features.

The task-specific specialization mirrors RNA structural biol-
ogy complexity: tertiary structure requires integration of multi-
ple long-range interactions, secondary structure involves local 
base-pairing with contextual constraints and sequence discrimination 
needs only general pattern recognition20. The clear differentiation 
between tasks demonstrates that attention analysis, when properly 
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Fig. 4 | Explainable AI analysis and biological validation of NucleicBERT.  
a, The saliency analysis for masked token prediction; peaks correspond to 
masked positions, confirming the model correctly focuses on the prediction 
objective. b, A saliency comparison for secondary-structure prediction; saliency 
elevates at transition boundaries between paired and unpaired regions rather 
than at base-paired positions per se. c, A saliency comparison with contact 
density (r = 0.387), indicating the model consistently prioritizes positions 
with higher contact degrees. d–f, Task-specific attention patterns showing 
normalized attention weights by layer (y axis) and head (x axis) for contact map 
prediction (d), secondary-structure prediction (e) and shuffle detection as a non-
structural control (f). Structural tasks engage distinct early-to-middle-layer  

pathways; the shuffle baseline does not. g, The shuffle-detection accuracy 
under full-sequence shuffling; the dashed red line marks the natural Rfam 
divergence mean (26.9%). h, The shuffle-detection accuracy under Watson–Crick 
pair-specific shuffling, demonstrating heightened sensitivity to disruptions 
in structurally important regions. Associations in g and h were assessed by 
two-sided Pearson correlation (n = 21 shuffle levels); no multiple-comparison 
adjustment was applied. i, The distribution of maximum sequence divergence 
across 2,244 Rfam families (≥5 sequences each); the model’s ~25% performance 
threshold matches the natural-divergence boundary of 26.9% ± 10.4%, indicating 
that NucleicBERT has internalized biologically relevant sequence constraints.
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normalized and validated against appropriate controls, provides valu-
able insights into RNA language model organization and their capacity 
for learning structural principles.

Coevolution-like couplings from a single sequence. To test whether  
the pretrained backbone alone, given only single sequences, has 
internalized pairwise constraints, we extracted a masked-likelihood- 
influence (MLI) coupling matrix from the pretrained NucleicBERT 
(see the ‘Coevolution analysis from single sequences’ section in the 
Methods). For each sequence, MLI quantifies how strongly masking 
position j degrades the model’s confidence in the native nucleotide at 
position i, yielding an L × L coupling matrix. Crucially, the model never 
sees the MSA: per-sequence matrices are computed independently and 
only averaged post hoc to produce a family-level estimate comparable 
with mutual information (MI) and DCA, both of which require an MSA 
by construction. We benchmarked MLI across 14 Rfam families against 
the canonical SS_cons contact set using Top-L precision, Top-2L preci-
sion, AUPRC and the enrichment factor (EF) over the random base rate 
(see the ‘Coevolution analysis from single sequences’ section in the 
Methods and the ‘Coevolution per-family metrics’ table in the Sup-
plementary Information).

Figure 5 summarizes the results. For RF00050 (FMN riboswitch) 
MLI surfaces the same anti-diagonal contact ladder as MI and DCA with-
out any alignment input (Fig. 5a). The per-sequence Top-L is approxi-
mately stable across the Jaccard index of each query to its nearest 
neighbour in the MARS pretraining corpus (Fig. 5b), indicating that the 

recovered signal is not a memorization artefact restricted to families 
closely matching the training distribution. Across all 14 families, MLI 
sits well above the seeded-random null on EF (Fig. 5c) but below the 
MSA-grounded MI/DCA reference. Together, these results show that 
sequence-only masked language modelling internalizes a measurable, 
but bounded, fraction of the coevolutionary signal that classical MSA 
methods extract, supporting the claim that single-sequence founda-
tion models can be treated as approximate, alignment-free coevolution 
tools when MSAs are shallow or unavailable.

Discussion
NucleicBERT represents a notable advancement in RNA computa-
tional biology by achieving competitive performance across both 
structural and functional prediction tasks using only single-sequence 
inputs. Unlike previous specialized RNA tools that excel in specific 
domains, NucleicBERT demonstrates consistent performance 
across secondary-structure prediction, contact map prediction 
and splice-site prediction, suggesting that our pretraining strat-
egy captures fundamental principles governing RNA sequence–
structure–function relationships. The modular architecture 
further enables new tasks to be incorporated with modest addi-
tional compute, extending the framework’s utility beyond the tasks 
demonstrated here.

The elimination of MSA requirements addresses a critical limi-
tation in the field. MSA-based methods face computational bottle-
necks and limited applicability to novel RNAs or RNA families with 
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Fig. 5 | Single-sequence MLI recovers coevolution-like signals. a, Example 
coupling matrices for RF00050 (FMN riboswitch). MLI (left), MI (middle) and 
DCA (right). Per-panel quantile-normalized. Green markers denote top-L pairs 
that match the Rfam SS_cons reference, and red markers denote top-L misses. 
MLI uses single-sequence inputs only; MI and DCA use the full MSA. b, Per-
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corpus (‘1’ represents the highest similarity). MLI quality is roughly flat in this 
distance, ruling out memorization as the dominant driver. c, The family-level 
EF distribution across 14 Rfam families. Violins show kernel density estimates 
of the EF distribution for each method; black points indicate individual Rfam 
families. Horizontal bars indicate mean values and vertical capped lines indicate 
the minimum-to-maximum range. MLI is computed from pretrained weights and 
single-sequence inputs only; MSA averaging is post hoc and serves only as a fair 
comparator with MI/DCA.
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shallow MSAs. Our single-sequence approach maintains competitive 
accuracy while offering practical advantages.

Following fine-tuning, NucleicBERT develops task-specific spe-
cialization that mirrors RNA structural complexity. Layerwise atten-
tion and saliency patterns consistently highlight regions critical for 
structure formation, with distinct activation pathways emerging for 
tertiary versus secondary-structure tasks, indicating that downstream 
training reshapes the model’s internal representations towards known 
structural determinants. Critically, the pretrained backbone already 
encodes biologically meaningful constraints before any task supervi-
sion is applied. The convergence between NucleicBERT’s shuffle detec-
tion threshold (~25%) and the natural sequence variation boundary in 
Rfam families (26.9%) demonstrates that self-supervised training on 
raw sequences internalizes evolutionary constraints without explicit 
annotation. This separation between what pretraining contributes and 
what fine-tuning adds is made explicit by the linear-probing experi-
ments: frozen pretrained embeddings substantially outperform fro-
zen random-init embeddings across all structural tasks, while the 
fine-tuning gap is largest where labelled data is scarce and smallest 
where it is abundant.

The PHATE projections and MLI results provide two complemen-
tary windows into the geometry of the pretrained representations. 
The kNN analysis, computed in the original embedding spaces under 
length-matched conditions, confirms that pretrained embeddings 
organize RNA families into functionally coherent regions beyond 
what sequence length or nucleotide composition alone can explain. 
The MLI analysis goes further: by measuring how masking one posi-
tion degrades the model’s confidence at another, we show that the 
pretrained backbone recovers a measurable fraction of pairwise coevo-
lutionary signal from single sequences, without access to any MSA. 
Across 14 Rfam families, MLI consistently sits above a random null and 
below the MSA-grounded references of MI and DCA. Together, these 
findings suggest that sequence-only masked language modelling 
internalizes a structured model of RNA sequence space that partially 
recapitulates what classical coevolutionary analysis requires deep 
alignments to extract.

In particular, NucleicBERT delivers competitive or improved per-
formance compared with other methods across diverse RNA tasks, 
establishing it as a unifying framework with implications for, for 
example, RNA-targeted drug discovery. The model’s explainability 
features enable integration with experimental workflows, where pre-
dictions can guide hypothesis formation and experimental design. As 
high-throughput measurements of RNA structure and function expand, 
pretrained representations such as those from NucleicBERT may form 
a computational basis for systematic exploration of sequence–func-
tion space, linking abundant sequence data to scarce functional 
annotations, thus concurrently advancing both RNA biology and 
therapeutic design.

Methods
Pretraining architecture and dataset
Our model consists of 32 transformer layers, each with 32 attention 
heads and an embedding dimension of 1,024. We employed learned 
positional encodings to capture position-specific information.

For tokenization, we trained a byte pair encoding tokenizer with a 
clump size of 1, effectively creating a character-level tokenization strat-
egy in which each nucleotide or ambiguity character becomes its own 
token. This approach maintains maximal granularity without any merge 
operations, which is well-suited to the relatively small RNA alphabet.

The resulting vocabulary size is 25. It comprises the four standard 
RNA nucleotides (A, U, G and C), 16 ambiguity characters and five spe-
cial tokens. The ambiguity codes extend beyond conventional IUPAC 
representations and were empirically determined by identifying all 
unique non-standard characters present in our training dataset. The 
special tokens serve distinct roles: [PAD]is used for padding sequences 

within a batch, [UNK] denotes unknown or out-of-vocabulary char-
acters, [MASK] is used during masked language modelling, [CLS] is 
prepended to each sequence to aggregate global context and [SEP] 
separates input segments when required for downstream tasks.

The model was pretrained using a masking strategy adapted 
from BERT-style language modelling19, combining both token-level 
and subsequence-level masking to encourage learning of local and 
higher-order sequence patterns. For token-level masking, 15% of tokens 
in each input sequence were selected at random. Of these, 80% were 
replaced with the [MASK] token, 10% were substituted with a random 
token from the vocabulary and 10% were left unchanged. In parallel, a 
subsequence masking strategy was employed, in which contiguous 
spans of four to eight tokens were randomly selected and masked as a 
group. This span-based approach draws on principles from SpanBERT52 
and is intended to promote learning of biologically meaningful RNA 
motifs, which often appear as short subsequences, but did not observe 
any downstream performance improvement.

To train NucleicBERT, we obtained ncRNA sequences from the 
MARS database53. It contains ~1.7 billion sequences in FASTA format, 
but as we wanted to train our model only on ncRNA sequences, we 
extracted all sequences with the ncRNA keyword in their descrip-
tion and obtained ~30 million sequences. Overall, 80% of this data 
was used in training, while the remaining was used in validation. We 
trained this 404-million-parameter model using 192 A100-40-GB 
GPUs with a linear learning rate schedule and a batch size of 16. To 
ensure stable gradients and prevent overfitting, we maintained a 
dropout rate of 0.1 and clipped gradient values to 0.001. Each epoch 
of training required approximately 1 h and 20 min, and the model 
was trained for 300 epochs. Pretraining accuracy plateaued at 
83.1% on the validation dataset. Initially, we also tested a smaller 
101-million-parameter model, but the pretraining accuracy stagnated 
at 52%, pointing us towards a bigger model to capture complex pat-
terns in RNA sequence data.

For analysing embeddings obtained from our model, we used the 
PHATE dimensionality reduction technique. Unlike clustering-focused 
approaches such as t-SNE54 or PCA55, PHATE preserves continuous 
trajectories and branching structures through a diffusion-based frame-
work that simulates random walks across data manifolds to capture 
global relationships.

PHATE constructs embeddings through a multi-step process: 
computing local similarities with α-decaying kernels, creating Marko-
vian transition matrices and raising these matrices to successive pow-
ers to simulate longer diffusion processes. This diffusion operation 
denoises data while learning global relationships between distant 
points. Rather than using diffusion coordinates directly, PHATE com-
putes an information-geometric ‘potential distance’ between prob-
ability distributions, making it particularly effective at preserving 
biological transitions.

Secondary-structure architecture and dataset
For secondary-structure prediction, we developed a binary classi-
fication framework that determines whether nucleotide pairs form 
base-pairing interactions. The approach involves attaching a bot-
tleneck residual network architecture to the pretrained NucleicBERT 
model, which processes pairwise nucleotide representations gener-
ated through outer concatenation of the transformer embeddings. 
Specifically, the representation for nucleotide pair (i, j) is constructed 
by concatenating the embedding vectors of positions i and j from 
NucleicBERT’s final layer.

The prediction network generates a symmetric probability matrix 
indicating base-pairing likelihood for each nucleotide pair in the 
sequence. We optimized the model using a binary cross-entropy loss, 
computing gradients exclusively for the upper triangular portion of 
the matrix to account for base-pairing symmetry constraints. Training 
proceeded for 50 epochs using a learning rate of 1 × 10−5, and we trained 
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all model parameters simultaneously without implementing gradual 
unfreezing strategies.

We converted the predicted probability matrix into discrete sec-
ondary structures using a greedy decoding algorithm. This iterative 
process selects the highest-probability nucleotide pair as base-paired, 
then removes conflicting pairs from consideration in subsequent 
iterations. The algorithm enforces biological constraints by excluding 
non-Watson–Crick pairings and preventing formation of hairpin loops 
shorter than four nucleotides (constraint ∣i − j∣ ≥ 4). We determined the 
optimal probability threshold through validation set optimization to 
achieve balanced pairing ratios.

Performance evaluation incorporated RNA structural flexibility 
by accepting near-correct predictions as valid. Following established 
evaluation protocols56, we considered predictions within one position 
of the true pairing as correct: for a reference pair (i, j), the predictions (i 
± 1, j) and (i, j ± 1) were scored as accurate. Final F1 scores represent the 
average of individual structure-level F1 calculations across the entire 
test set. Several benchmark datasets are used in this study:

(1)	 The RNAStrAlign57 dataset comprises 37,149 RNA structures 
from eight distinct RNA families, with sequence lengths rang-
ing from approximately 100 to 3,000 base pairs.

(2)	 The ArchiveII26 dataset consists of 3,975 RNA structures from 
ten RNA families, with lengths ranging from approximately 
100 to 2,000 base pairs. We apply a cutoff of 600 base pairs 
to get the standard dataset used in tools such as UFold and 
RNAErnie.

(3)	 bpRNA-1m27, contains a large number of highly similar 
sequences, thus a sequence identity cutoff of 80% is applied. 
The dataset is randomly split into three subsets: TR0 (10,814 
structures) for training, TV0 (1,300 structures) for validation 
and TS0 (1,305 structures) for testing.

The model was trained on the RNAStrAlign data and TR0 data com-
bined. We tested the model on ArchiveII600 and TS0 datasets.

Tertiary-structure prediction architecture and dataset
To use the representations learned during the pretraining, we 
fine-tuned our model to predict distance maps and contact maps for 
a given RNA sequence.

Distance maps represent spatial pairwise inter-residue interac-
tions, providing an RNA’s translationally and rotationally invariant 
topological representation. For a sequence of length L, a distance 
map is a matrix (L × L) representation that delineates pairwise interac-
tions between atoms within a bio-molecular structure. The elements 
of the matrix correspond to specific residues, and the entry at the 
intersection of row i and column j indicates the Euclidean distance 
between them.

Contact maps are a binary representation derived from these 
distance maps, where a threshold distance is applied to determine 
whether two nucleotides are in contact. If the distance between nucleo-
tides is below the defined threshold (we used 8 Å) (ref. 15), they are 
considered to be in contact (represented as 1 or a marked point), while 
distances above the threshold are considered non-contacts (repre-
sented as 0 or empty space). This simplified binary representation 
captures essential structural information while reducing noise and 
computational complexity.

The PDB database contains merely 8,446 (as of January 2025) 
annotated tertiary RNA structures, reflecting the scarcity of such 
data. Further, a large proportion of these structures are hybrids, 
have poor resolutions, have small lengths and have high sequence 
similarity. An unfiltered dataset with redundancy, obtained from 
the PDB database, can impact the generalizability of the model. We 
used the BGSU RNA 3D representative dataset (release 3.368, Janu-
ary 202535) as our starting point. We processed this dataset by filter-
ing for structures with lengths between 32 and 1,024 nucleotides, 

removing redundancy using CD-HIT-EST58 with an 80% sequence 
identity threshold, and ensuring structural quality. For each selected 
structure, we extracted the sequence, resolution and chain informa-
tion from mmCIF files, creating a curated dataset suitable for model 
training. We also used NucleoSeeker34 to create a non-redundant 
dataset for downstream training using the same steps as described 
above. Both datasets were used separately for training, and they 
showed similar performance.

To prepare distance maps, the distances between the heavy atoms 
of each residue are calculated with every other residue. These distances 
are assigned into 20 classes such that

C(d) =
⎧⎪
⎨⎪
⎩

0, ifd < 2

⌊d − 2⌋ + 1, if 2 ≤ d ≤ 20,

19, ifd > 20.

Many structures in the PDB database have missing residues, which can 
cause problems in the training because there will be a mismatch in the 
length of sequences and the shape of the distance map. To solve this, we 
use PDBFixer59 to add missing residues and atoms. Further, we use the 
Chemical Component Dictionary from PDB to replace the remaining 
non-standard residues.

Last, we remove the trivial distances from the distance maps 
because they originate from the backbone and do not contain mean-
ingful information. We remove four off-diagonals above and below 
the main diagonal, including the main diagonal. Data prepared in this 
manner enable the model to learn long-range interactions.

For the downstream supervised model, we use image segmenta-
tion techniques. The attention weights representation from the pre-
trained model is fed into a ResNet60 model, which classifies each pixel 
(element) of the attention weights into the 20 categories.

Contact map prediction presents unique challenges that differen-
tiate it from conventional computer vision tasks. While distance maps 
can be interpreted as 2D images, making contact prediction superfi-
cially analogous to pixel-level image labelling, this analogy is limited 
and should be applied with caution. Some techniques from image label-
ling may be transferable, but there are several important distinctions.

First, in typical image classification or segmentation tasks, input 
images are often resized to a fixed dimension. By contrast, contact 
maps must preserve the native dimensions of the RNA sequence, as 
predictions are required for every pair of residues. Second, the input 
features for contact prediction are substantially more complex, incor-
porating both sequential and pairwise features, unlike the raw pixel 
intensities used in standard image tasks. Third, the label distribution 
in contact maps is highly imbalanced: the proportion of positive con-
tacts is typically less than 2%, creating a considerable challenge for 
model training61.

Splice-site prediction architecture and dataset
We formulated splice-site prediction as a binary classification prob-
lem, where the model must distinguish between authentic splice sites 
and non-functional sequences. The evaluation was conducted using 
carefully curated multi-species datasets that have become standard 
benchmarks in the community.

For splice site prediction evaluation, we employed the benchmark 
datasets established in the Spliceator36 study, which have since been 
adopted by the RiNALMo framework21. These datasets represent a gold 
standard for multi-species splice-site prediction assessment owing to 
their rigorous curation and phylogenetic diversity.

The benchmark datasets encompass four evolutionarily diverse 
species: zebrafish (Danio rerio), fruit fly (Drosophila melanogaster), 
nematode worm (Caenorhabditis elegans) and thale cress (Arabidopsis 
thaliana). Each benchmark contains 10,000 splice-site sequences and 
10,000 non-splice-site sequences, maintaining a balanced 1:1 ratio to 
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prevent class imbalance bias. The datasets include both canonical and 
non-canonical splice sites, with non-canonical splice sites of 307 in 
human, 85 in zebrafish, 120 in fly, 67 in worm and 122 in plant samples.

The original Spliceator datasets were constructed from 
high-quality genomic sequences obtained from the Ensembl database 
release 87, with splice sites extracted and flanked by ±300 nucleotide 
environments to provide sufficient sequence context. A verification 
process ensured that no sequences containing undetermined nucleo-
tides (noted as ’N’) were included in the datasets. Each sequence spans 
600 nucleotides total, with the GT (donor) or AG (acceptor) dinucleo-
tide positioned at the central location (positions 301–302).

The negative subset construction employed a heterogeneous 
approach, incorporating three categories of non-splice-site sequences: 
randomly selected exon regions, randomly selected intron regions and 
false-positive sequences containing GT or AG dinucleotides that do 
not correspond to authentic splice sites. This heterogeneous negative 
dataset design (termed GS_1 in the Spliceator methodology) was shown 
to achieve superior performance compared with homogeneous nega-
tive datasets containing only false-positive sequences.

The benchmark datasets underwent rigorous quality control 
procedures on the basis of the G3PO+ multi-species benchmark meth-
odology. Sequences were classified into ‘confirmed’ (error-free) and 
‘unconfirmed’ (containing potential gene prediction errors) categories 
through expert-guided comparative sequence analysis. Only ’con-
firmed’ sequences were retained in the final benchmarks to ensure 
biological authenticity of the splice sites.

To prevent sequence redundancy and potential overfitting, 
duplicate sequences were systematically removed from each data-
set. Sequence similarity analysis revealed that the majority (>90%) of 
sequences in each benchmark share between 20% and 30% identity 
for full-length sequences, with higher conservation (20–60% identity) 
observed in the immediate splice-site vicinity.

For this downstream task, we fine-tuned NucleicBERT using a 
two-layer sequence-level classification head that processes the 
model’s contextual embeddings to make binary predictions. The 
fine-tuning process was performed separately for donor and accep-
tor splice sites to optimize performance for each specific recognition 
task, following established protocols from both the Spliceator and 
RiNALMo methodologies.

Shuffled sequence detection architecture and dataset
We assessed NucleicBERT’s capacity to identify authentic RNA sequences 
by systematically introducing controlled perturbations through nucleo-
tide shuffling. Using the same dataset employed for secondary-structure 
prediction training and testing, we generated shuffled variants with 
perturbation levels ranging from 0% to 100% in 5% increments. At each 
shuffle percentage, we measured the fraction of sequences that the 
model still classified as authentic RNA. In this study, we use the embed-
dings of the pretrained model, which are passed through a three-layer 
perceptron to predict if a given sequence is shuffled or not.

To investigate whether the model preferentially attends to struc-
turally critical regions, we performed targeted perturbation analysis 
focusing exclusively on Watson–Crick base-paired positions identified 
from known secondary structures. This approach enabled us to assess 
the model’s understanding of the hierarchical constraints that govern 
RNA folding.

To establish whether the observed performance thresholds reflect 
genuine biological constraints rather than training artefacts, we ana-
lysed sequence variation patterns across natural RNA families. We 
extracted seed MSAs for 4,178 RNA families from the Rfam database62 
(release 15.0), focusing on families containing at least five sequences to 
ensure statistical reliability. For each family, we identified a representa-
tive sequence by optimizing Levenshtein similarity across all family 
members and calculated the maximum sequence variation tolerance 
within each family using normalized edit distance.

Coevolution analysis from single sequences
The pretrained NucleicBERT (no fine-tuning) was probed for 
coevolution-like couplings using the MLI score. For an input sequence 
x = (x1, …, xL), MLI quantifies how much the model’s predictive 
log-probability for the native nucleotide at position i changes when 
position j is additionally masked

I j→i(x) = logpθ (xi|x\i) − logpθ (xi|x\i,\j) , (3)

where pθ is the softmax over the 25-token vocabulary at the masked 
position and x\i denotes x with position i replaced by [MASK]. The raw 
L × L matrix is symmetrized with zero diagonal,

Mij(x) =
1
2 (I j→i(x) + Ii→j(x)) , Mii = 0. (4)

This formulation generalizes the single-mask perplexity used in protein 
language models22 to a paired-position perturbation.

Per-family aggregation. For each Rfam family we computed M(x(n)) 
for every aligned sequence x(n) in the post-filtering MSA and averaged 
over the alignment, M̄ = nanmeannM(x(n)) , projecting per-sequence 
indices back to alignment columns and treating gap rows/columns as 
NaN so they are ignored by the column-wise mean. The MSA enters only 
at this averaging step and the model itself sees one sequence at a time, 
so MLI remains an alignment-free, single-sequence statistic; averaging 
is purely to obtain a family-level estimate comparable to classical 
MSA-based couplings.

Average product correction. To remove the dominant column- and 
row-conservation contribution to coupling magnitudes, we apply 
‘average product correction’14 to M̄

MAPC
ij = M̄ij −

̄Mi⋅ M̄⋅j
̄M⋅⋅

, (5)

where M̄i⋅, M̄⋅j and M̄⋅⋅ are means over the upper triangle. Average prod-
uct correction is applied to MLI (when averaged over MSA, not for 
single-sequence predictions) and MI, and DCA Frobenius norms are 
reported uncorrected per convention.

Baselines. MI is computed from one-/two-site frequencies on the 
MSA with a 0.5 pseudocount and a sequence-reweighting thresh-
old of 0.8 identity for Meff. DCA is the Frobenius norm of the 4 × 4 
inverse-covariance block per pair under a mean-field approximation14. 
The random null is a deterministic seed feeding a symmetric Gaussian 
L × L draw scored with the same metrics.

Metrics. All metrics are computed on the upper triangle (i < j). Given a 
reference set of true contacts (Rfam canonical SS_cons Watson–Crick 
pairs), TopL is the precision among the top-L predicted pairs, Top2L is 
the precision among the top-2L pairs, AUPRC is the area under the 

precision-recall curve, and EF = TopL/p0, where p0 = |contacts|/ ( L2 ) is 

the per-family random base rate. EF normalizes across families with 
very different base rates and is the metric used in Fig. 5, other metrics 
are reported per family in Supplementary Table 8.

For family selection, we ran the analysis on 14 Rfam families span-
ning the a range of sequence lengths L and MSA depths Meff, requiring at 
least 50 post-filtering sequences, with a gap fraction ≤0.5, making sure 
that MSA depths are sufficient for MI and DCA to provide fair baselines.

Fitness prediction architecture and dataset
We use the CPEB3 mutation dataset39, which represents a comprehen-
sive mutagenesis study of RNA sequences that serve as substrates for 
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cytoplasmic polyadenylation element-binding protein 3 (CPEB3), an 
RNA-binding protein that regulates gene expression through control 
of mRNA polyadenylation. This dataset contains fitness landscape 
data from a high-throughput cleavage assay where systematically 
mutagenized RNA sequences were evaluated for their susceptibility 
to cleavage by CPEB3. Each RNA variant was tested across three inde-
pendent biological replicates, with fitness calculated as the ratio of 
cleaved to uncleaved RNA molecules, providing a quantitative measure 
of how effectively each sequence serves as a CPEB3 substrate. The 
rigorous experimental methodology, including multiple biological 
replicates and standardized cleavage assays, ensures high-quality fit-
ness measurements suitable for downstream computational analysis 
and machine learning models designed to predict RNA substrate fitness 
from sequence information.

For fitness prediction, we employed a task-specific regression 
head that processes the pooled embeddings from NucleicBERT’s final 
transformer layer. The regression architecture consists of a three-layer 
perceptron that maps the 1,024-dimensional RNA sequence representa-
tions to scalar fitness predictions. We implemented an 80:20 train–test 
split, ensuring that the evaluation dataset contained sequences span-
ning the full mutational spectrum while maintaining statistical power 
for performance assessment.

To establish a biologically informed baseline that captures the 
assumption that similar fitness values arise from sequences with similar 
mutation patterns, we develop a ball-query model, which is essen-
tially a k-nearest-neighbours model. It measures the distance between 
sequences using the symmetric distance between mutation sets, and 
for each target sequence, it finds all reference sequences within a 
specified cutoff radius. The fitness value is the average fitness of all 
sequences within the radius.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
Pretraining data: the RNA sequences used for pretraining were obtained 
from the publicly available MARS database55, specifically extracting 
~30 million ncRNA sequences with the ncRNA keyword. Benchmark 
datasets: all evaluation datasets used in this study are publicly available: 
Secondary-structure prediction: ArchiveII26, bpRNA-1m27 and RNAStrA-
lign59. Tertiary-structure prediction: PDB structures processed through 
NucleoSeeker34 and BGSU RNA 3D representative dataset35 (release 
3.368, January 2025). Splice-site prediction: Spliceator36 benchmark 
datasets for zebrafish, fly, worm and plant species. Fitness prediction: 
CPEB3 mutation dataset as in ref. 39. Shuffle detection: ArchiveII26, 
bpRNA-1m27, RNAStrAlign57 and Rfam database release 15.062. Coevolu-
tion analysis: seed alignments and SS_cons contact annotations for 14 
Rfam families from the Rfam database release 15.062. Source data are 
provided with this paper.

Code availability
The code used in this study is available via GitHub at https://github.
com/KIT-MBS/NucleicBERT (ref. 63). Model weights are available via 
Zenodo at https://doi.org/10.5281/zenodo.16989562 (ref. 64). Further 
processed datasets generated for this study are available upon reason-
able request from the corresponding author.
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Extended Data Table 1 | Quantitative validation of PHATE embeddings

via kNN classification (k = 15, Euclidean distance, computed in the original embedding spaces, not on 2D projections). RNA family is predicted by majority vote among each sequence’s 15 
nearest neighbours; values are mean accuracy ± s.d. over 5 random splits. Length-only and length+ACGU% baselines test how much of each model’s accuracy is recoverable from trivial 
sequence statistics. Setting C controls these statistics out by length-matching across classes.
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