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RNA structure prediction remains one of the most challenging 
problems in computational biology, with significant implications 
for understanding gene regulation, drug design, and synthetic 
biology. While deep learning has revolutionized protein struc-
ture prediction, RNA presents unique challenges including 
limited training data, complex noncanonical interactions, and 
conformational flexibility. This review examines the evolution 
from traditional physics-based methods to current deep 
learning approaches for RNA secondary and tertiary structure 
prediction. After briefly exploring traditional methods, like Direct 
Coupling Analysis and physics-based simulations, we system-
atically review three deep learning paradigms: language 
model–based methods, end-to-end structure predictors, and 
geometry-distance prediction approaches. Furthermore, we 
identify critical future research directions focusing on advanced 
tokenization strategies to address data scarcity and explainable 
artificial intelligence techniques to improve model interpret-
ability. Despite significant progress, achieving transformative 
performance requires continued methodological innovation, 
specifically designed for RNA’s unique characteristics, and a 
substantial expansion of high-quality structural datasets.
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Introduction
RNA molecules play crucial roles in a wide range of 
biological processes, including transcription regulation, 
cell signaling, catalysis, and posttranscriptional control, 
with their diverse functions deeply related to their 
structures [1—3]. Experimental methods like nuclear 
magnetic resonance, X-ray crystallography, and cryogenic 
electron microscopy (cryo-EM) can provide detailed 
structural information [4]. The experimental study of 
RNA is a large and very active field of research as 
evidenced by many significant findings [5,6]. However, 
they are resource-intensive and face size and resolution 
limits due to RNA’s high flexibility, conformational het-

erogeneity, and tendency to resist crystallization. Unlike 
proteins, where remarkable computational advances have 
been achieved, RNA structure prediction continues to 
present unique challenges (See Figure 1).

Computational RNA structure prediction has evolved 
through distinct methodological phases. Traditional ap-

proaches employed physics-inspired, coarse-grained 
models using Monte Carlo sampling, exemplified by 
SimRNA [7], which leverages a statistical potential to 
explore conformational space, and de novo fragment as-

sembly methods like FARFAR2, which integrates frag-

ment libraries and helix modeling to achieve accurate 
predictions of native-like RNA tertiary folds [8]. A 
critical breakthrough came with Direct Coupling Anal-

ysis (DCA) [9,10], a statistical inference method that 
identifies co-evolving nucleotide pairs from multiple 
sequence alignments (MSAs). DCA applies inverse 
Potts models and maximum entropy principles to infer 
direct evolutionary couplings, which can then serve as 
distance constraints in tertiary structure modeling.

The advent of deep learning revolutionized the field, 
motivated by success in protein structure prediction. 
Early deep learning approaches for RNA included 
methods like RNAContact [11] and CoCoNet [12], 
which employed convolutional neural networks and 
feature engineering strategies to work effectively with 
limited annotated structural data.
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Building on these foundations, recent years have seen a 
shift toward self-supervised techniques based on trans-

former architectures. For example, BARNACLE [13] 
uses pretraining on MSAs of RNA families to achieve 
excellent performance on the contact map prediction 
task. Most recently, the focus has shifted toward large 
language models trained directly on sequence data, 
which can learn structural representations without 
requiring explicit evolutionary information.

Despite these advances, RNA structure prediction faces 
distinct challenges that have prevented achievements 
comparable to those seen for proteins. Models for pro-

tein structure prediction [14] achieve sub-2 A ˚ accuracy

for most protein targets as they have more than 200,000 
available protein structures for training, while RNA 
methods work with around 9000 RNA structures 
representing less than 1 % of Protein Data Bank (PDB) 
depositions and originating from only about 100 distinct 
RNA families. These fundamental limitations and their

impact on RNA structure prediction have been 
comprehensively analyzed in recent reviews [15,16].

This review provides a comprehensive analysis of the 
most recent advances in deep learning methods for RNA 
structure prediction. We discuss the datasets driving 
these artificial intelligence (AI) models, summarize 
cutting-edge computational methods, analyze their 
performance and limitations, and identify promising 
directions for methodological advancement. Our goal is 
to provide computational biologists with essential in-

sights into current capabilities and future opportunities 
in this rapidly evolving field, while acknowledging the 
persistent challenges that distinguish RNA structure 
prediction from other successful applications of deep 
learning in structural biology.

Challenges in RNA structure prediction
RNA structure prediction faces fundamentally different 
computational challenges compared to protein structure

Figure 1

Current Opinion in Structural Biology

Workflow diagram showing the diverse computational pathways for RNA structure prediction. Green components represent biological data 
sources with varying availability: sequences (most abundant), multiple sequence alignments (moderate availability), and experimental structures (most 
scarce). Blue components show the core deep learning pipeline: (1) Tokenization converts raw sequences into representations, while training involves 
self-supervised pretraining on large sequence datasets (language models), supervised training on structural data (end-to-end predictors), or multitask 
training combining sequence and structure objectives. (2) Architecture encompasses the neural network designs (transformers, CNNs, and diffusion 
models). (3) Contacts represent intermediate structural predictions (distance maps and contact probabilities) generated by geometry-based approaches. 
(4) Embeddings are high-dimensional representations from language models that capture structural patterns. (5) Structure block performs the final 3D 
coordinate prediction or reconstruction. Red components indicate physics-inspired methods that can augment deep learning predictions by providing 
them with energy-based refinement. Explainable AI (bottom right) represents emerging efforts to interpret model decisions through attention visuali-
zation, saliency analysis, and feature attribution. The diagram emphasizes that modern approaches typically combine multiple pathways. The workflow 
accommodates both sequence-only methods and MSA-dependent approaches, highlighting the field’s methodological diversity in addressing RNA’s 
unique structural prediction challenges. AI, artificial intelligence; CNNs, convolutional neural networks; MSA, multiple sequence alignment.
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prediction, creating intractable problems for traditional 
algorithms and limiting the effectiveness of deep 
learning approaches. These challenges stem from RNA’s 
unique structural characteristics and complex folding 
patterns [17] that distinguish it from protein 
folding mechanisms.

RNA exhibits significantly greater structural flexibility 
because its backbone is defined by eight torsional angles 
compared to proteins’ simpler backbone geometry 
(three torsion angles), creating a vastly larger confor-

mational landscape [18]. Many functional RNAs adopt 
multiple conformational states―riboswitches switch 
between conformations depending on ligand binding, 
viral RNAs must refold at different life cycle stages, and 
regulatory RNAs switch between active and inactive 
conformations [19,20]. This conformational flexibility 
presents a fundamental challenge for single-structure 
prediction approaches as the folding landscape may be 
better represented as multiple low-energy wells rather 
than a single energy minimum.

In addition to the conformational challenges, RNA ex-

hibits diverse base pairing interactions. Beyond 
Watson—Crick base pairs, noncanonical base pairs consti-

tute approximately 33 % of all base pairs in structured 
RNAs. The Leontis—Westhof [21] classification defines 
12 distinct base pair families comprising 192 base pair 
classes when considering geometric types and sequence 
context, including Hoogsteen pairs, sugar—edge in-

teractions, and other non-standard hydrogen bonding 
patterns [22,23].

In addition, there are topological challenges in base 
pairing, such as pseudoknots, occurring when bases in 
different loops pair with each other to form non-nested 
structures that violate standard nesting conventions.

However, by far the greatest challenge for prediction 
using AI methods is the scarcity of experimental data 
(Table 1). As of September 2025, RNA-only structures 
comprise less than 1 % of the approximately 230,000 
structures in the PDB, with a strong bias toward simpler 
structures like tRNAs and rRNA subunits. This leads to 
insufficient structural diversity for training robust ma-

chine learning models. Tools like RNAsolo [24], 
RNA3DB [25], and NucleoSeeker [26] provide well-

curated datasets for RNA but isolated RNA structures 
are still scarce, thus limiting the training data.

Traditional methods for RNA structure 
prediction
Traditional RNA structure prediction relies on compu-

tationally intensive simulation software such as 
SimRNA [7], FARFAR2 [8], or molecular dynamics 
simulations. As these methods often yield insufficient 
accuracy when used alone, additional constraints are

commonly incorporated into the prediction process. 
Contact predictions, typically derived from evolutionary 
analysis, are frequently added as distance constraints to 
guide structure prediction.

DCA[9,10] represents a well-known approach for con-

tact prediction, employing maximum likelihood esti-

mation to infer conserved residues and predict contact 
maps from MSAs. These self-supervised techniques 
leverage evolutionary information encoded in MSAs 
without requiring labeled datasets, making them 
particularly valuable when experimental structural data 
is limited. However, their effectiveness is constrained 
by the availability of high-quality MSAs, which are often 
scarce for RNA families due to limited sequence di-

versity and poor alignment quality.

Physics-based methods employ molecular dynamics 
simulations and Monte Carlo sampling to explore RNA 
conformational space using empirical force fields 
derived from experimental data and quantum mechan-

ical calculations. Fragment assembly techniques like 
FARFAR2 construct structures by combining short RNA 
fragments from experimental structures through itera-

tive assembly and energy minimization. While these 
approaches provide detailed atomic models with explicit 
consideration of physical interactions and remain 
competitive in blind prediction challenges [16], they 
face significant computational limitations. Adequate 
sampling of the conformational space for large RNAs 
requires substantial computational resources, limiting 
their applicability to high-throughput or genome-scale 
predictions. Deep learning methods aim to achieve 
comparable accuracy with orders-of-magnitude reduc-

tion in computational time.

Hybrid and experimental integration 
approaches
Combined approaches integrate multiple methodolog-

ical strategies to overcome the limitations of individual 
techniques, representing an emerging and diverse 
landscape of RNA structure prediction methods. These 
approaches range from traditional combinations of 
computational methods [35] to AI-enhanced experi-

mental techniques [36] and physics-based in-

novations [37,38].

An emerging field involves the development of 
machine-learned force fields (MLFFs) for molecular 
dynamics simulations, where traditional parameters 
manually fitted to experimental data or quantum me-

chanical calculations are replaced with AI-optimized 
versions. While these efforts have concentrated pri-

marily on protein structure prediction, some generalist 
approaches include RNA in their frameworks. Recent 
examples include espaloma-0.3 [39] and Grappa [40], 
both deploying graph neural networks trained on
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quantum chemical datasets. The development of RNA-

specific MLFFs represents a promising future direction 
that could significantly improve the accuracy of physics-

based RNA structure prediction.

Complementing sequence-based approaches, recent 
developments focus on reconstructing RNA structure 
from experimental cryo-EM maps rather than the 
sequence alone. Notable advances include 
DeepTracer-2.0 [41], CryoREAD [42], and

DeepCryoRNA [43], which report significant improve-

ments over existing classical and machine 
learning approaches.

State-of-the-art deep learning methods
Deep learning approaches for RNA structure prediction 
can be categorized into three main paradigms: language 
model—based methods, end-to-end structure predictors, 
and geometry-distance prediction models, each address-

ing different aspects of the prediction challenge (Table 2).

Table 1

Comprehensive overview of datasets and benchmarks driving RNA structure prediction research across primary sequence (1D), 
secondary structure (2D), and tertiary structure (3D) levels. Current size indicates the number of structures or sequences as of the last 
update. Update frequency reflects the maintenance commitment of each resource, ranging from static benchmarks to frequently 
updated repositories. Source methodology distinguishes between comparative analysis using homology and covariance models and 
other curation methods. Key features highlight the distinguishing characteristics and specialized capabilities of each dataset, 
including structural diversity measures, family coverage, and specific focus areas such as challenging structural motifs or blind 
prediction targets. NucleoSeeker entry differs from other resources as it represents a dynamic curation tool: ‘PDB-derived’ indicates 
variable dataset sizes depending on user-specified filters, ‘On-demand’ reflects that it always uses the latest PDB data.

Dataset Current
size

Last
update

Update
frequency

Source
methodology

Key features

Tertiary structure datasets

RNA3DB [25] 23,185 PDB 
chains 

December 2024 Quarterly PDB + Rfam filtering, 
structural clustering 

135 structurally 
dissimilar components 

RNAsolo2 [24] 31,928 PDB 
chains

September 2025 Weekly PDB cleaning + BGSU 
classification 

4491 representative 
classes

BGSU 
representative 
set [27] 

19,528 PDB 
chains

September 2025 Weekly IFE-optimized 
representatives

4593 representative 
classes

RNA-Puzzles 
[28]

41 RNA targets December 2024 Every 2–3 
years

Blind prediction targets Focus on challenging 
aspects like coaxial 
stacking and non-
Watson–Crick modules 

CASP15-RNA
[29]

13 RNA targets December 2022 Biennial
competition

Novel structures without 
homologs

First RNA inclusion in 
CASP

CASP16-RNA
[29]

72 RNA targets December 2024 Biennial
competition

Novel structures 
including complexes

Significant increase 
from CASP15

Secondary structure datasets

bpRNA-1m [30] 102,318 
structures 

May 2018 Static 7-Database aggregation Comprehensive feature 
annotation

RNAStrAlign [31] 30,452 samples November 2017 Static Homologous family 
alignment 

Diverse RNA families

ArchiveII [32] 3975 structures September 2016 Static benchmark Combination of multiple 
benchmarks

Entirely different families 
combined together

Single sequence datasets

RNAcentral [33] >40 million
sequences 

June 2025 Every 3 months 54 Expert databases All noncoding RNAs

Rfam [34] 4178 families September 2024 1–2 years Covariance model 
families

Most up-to-date 
collection of RNA 
families

Dataset curation tools

NucleoSeeker
[26]

PDB-derived 2025 On-demand Multiple structure and 
sequence related filters

Customizable 
redundancy removal, 
quality-based curation

PDB, Protein Data Bank.
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Language model approaches leverage transformer ar-

chitectures pretrained on large sequence datasets to 
capture structural patterns. RNA-FM [44], RNAErnie 
[45], RiNALMo [46], and NucleicBERT [47] represent 
large language models that learn sequence—structure 
relationships through self-supervised training on mil-

lions of RNA sequences. RNA-FM establishes early 
benchmarks for RNA language modeling and achieves 
strong performance. RNAErnie introduces sophisticated 
motif-aware pretraining with multi-level masking stra-

tegies, incorporating biological priors for enhanced 
structural understanding. RiNALMo is the largest lan-

guage model trained on RNA sequences. NucleicBERT 
extends language modeling to diverse RNA tasks while 
incorporating explainable AI (xAI) analysis for under-

standing model predictions, addressing the critical 
interpretability challenges in biological applications. 
These models generate embeddings that can be 
processed by downstream networks for various struc-

tural and functional tasks.

End-to-end structure prediction methods directly 
output 3D coordinates or structural representations. 
RhoFold+ [48] combines a language model with 
AlphaFold2-inspired architectures, achieving excellent 
performance on RNA-Puzzles benchmarks. RoseTTA-

FoldNA [49] extends protein-folding architectures to 
RNA-protein complexes using SE(3)-equivariant trans-

formers that simultaneously update 1D, 2D, and 3D 
representations. DRFold [50] does end-to-end coarse-

grained prediction with molecular dynamics refinement 
for post processing. AlphaFold3 [51] represents a para-

digm shift by employing diffusion models to directly 
predict full-atom coordinates for all biomolecules, 
eliminating the need for backbone frame prediction and 
side-chain reconstruction procedures used by 
other methods.

Geometry and distance prediction approaches predict 
intermediate structural features that are then converted 
to final structures through optimization algorithms.

Table 2

Technical specifications of various methods for RNA structure prediction, detailing the complete computational pipeline from input 
processing to final structure generation. AI input specifies the data types each method processes, ranging from single sequences to 
complex combinations including multiple sequence alignments (MSAs) and secondary structures (SSs). AI output categorizes the 
direct neural network predictions: embeddings from language models, probability distributions over contacts or folding configura-
tions, and geometric parameters. Model architecture describes the core neural network designs with parameter counts indicating 
computational scale, encompassing Bidirectional encoder representations from transformers language models (BERT variants), 
convolutional networks for contact prediction, and specialized architectures like invariant point attention (IPA) for geometric 
reasoning. Post-processing methods convert neural network outputs to final structures through diverse approaches: simple thresh-
olding, dynamic programming optimization, physics-based energy minimization, and geometric reconstruction algorithms.

Method AI input AI output Model architecture Postprocessing

Language models

RiNALMo [46] Sequence Embeddings BERT-650M 2D ResNet 
RNA-FM [44] Sequence Embeddings BERT-99.5M 2D ResNet 
NucleicBERT [47] Sequence Embeddings BERT-404M 2D ResNet 
RNAErnie [45] Sequence Folding scores BERT-86.7M Dynamic 

programming

End-to-end 3D predictors

RhoFold+ [48] Seq + MSA Frame + torsion IPA-transformer Reconstruction 
RoseTTAFoldNA [49] Seq + MSA Frame + torsion SE(3)-transformer Reconstruction 
AlphaFold3 [51] Seq + MSA Full-atom coordinates Diffusion None
DRFold [50] Seq Coarse-grained representation Transformer + IPA L-BFGS and MD 

refinement

Geometry & distance predictors

trRosettaRNA [52] Seq + MSA + SS Distance + geometry Transformer Rosetta energy min 
BARNACLE [13] MSA Contact probability Transformer + XGBoost Threshold 
UFold [53] Sequence Contact probability U-Net CNN Constrained 

optimization 
SPOT-RNA2 [55] Seq + MSA Contact probability Dilated CNN Threshold 
RNADiffFold [54] Sequence Contact probability Diffusion + Transformer Threshold

Physics-based methods

FARFAR2 [8] Seq + constraints Full-atom coordinates Fragment assembly Energy minimization 
SimRNA [7] Seq + constraints Coarse coordinates MC sampling All-atom rebuild
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BARNACLE [13] employs transformer architectures 
combined with XGBoost to predict RNA contact prob-

abilities from MSAs. trRosettaRNA [52] predicts dis-

tance maps and geometries using transformers and then 
employs Rosetta energy minimization to generate final 
structures, achieving superior stereochemistry through 
physics-based refinement. UFold [53] uses U-Net ar-

chitectures with constrained optimization for contact 
probability prediction.

Recent innovations include diffusion-based approaches 
that model the data distribution of RNA conformations. 
RNADiffFold [54] applies diffusion models to secondary 
structure prediction, while AlphaFold3’s success sug-

gests broader potential for generative modeling in RNA 
structure prediction. These methods can potentially 
capture conformational flexibility and generate multiple 
structural states, addressing RNA’s inherent dy-

namic nature.

Performance varies significantly across method types 
and target difficulty. End-to-end methods generally 
achieve better accuracy on well-folded targets, while 
geometry-based approaches often provide better ste-

reochemical quality. Language model integration 
consistently improves performance across all architec-

tures, particularly for sequences with limited evolu-

tionary information, demonstrating the value of self-

supervised pre-training in addressing data scar-

city challenges.

Despite these advances, several critical considerations 
affect the interpretation of reported performance met-

rics across deep learning approaches. Many state-of-the-

art methods, including RhoFold+, RoseTTAFoldNA, 
and trRosettaRNA, rely heavily on evolutionary infor-

mation, limiting their applicability to sequences lacking 
sufficient homologs or high-quality alignments. Addi-

tionally, rigorous dataset curation using tools like 
NucleoSeeker [26] has revealed that data leakage be-

tween training and testing sets represents an unnoticed 
challenge in the field. This overlap can lead to overly 
optimistic performance estimates as models may exploit 
memorized patterns rather than learning generalizable 
structural principles. Future method development and 
evaluation must jointly apply temporal dataset separa-

tion and comprehensive redundancy filtering as neither 
alone is sufficient to ensure robust assessment of true 
predictive capabilities. Only through such rigorous 
benchmarking can the field accurately gauge progress 
toward solving RNA’s unique structural predic-

tion challenges.

Future directions
Modern methods demonstrate the potential for solving 
complex RNA structure prediction problems yet they face 
significant bottlenecks requiring further optimization.

First, deep learning models are prone to overfitting, 
where models may learn specific features (including 
noise and bias) in the training data while ignoring more 
general patterns. This overfitting occurs primarily due to 
scarce or noisy data, emphasizing the need for large-

scale, high-quality datasets. Advanced tokenization 
strategies help address RNA’s data scarcity as biologi-

cally informed token representations can enable models 
to extract more structural information from sequences 
compared to single-nucleotide approaches. While most 
current models employ a single-nucleotide tokenization 
(RNA-FM [44] and RiNALMo [46]), specialized ap-

proaches have emerged: adaptive dual tokenization 
combining nucleotide and byte-pair encoding (BiRNA-

BERT [56]), and convolutional encoding for long se-

quences (lncRNA-BERT [57]). RNAErnie [45] in-

troduces sophisticated motif-aware pretraining with 
three-level masking: base-level masking (15 % nucleo-

tides), subsequence-level masking (4—8 bp segments), 
and motif-level masking using biological priors. Multi-

species training approaches show increasing sophisti-

cation, with SpliceBERT [58] training on 
2M + precursor mRNA sequences from 72 vertebrates 
for evolutionary conservation detection and cross-

species splice site prediction. These tokenization ad-

vances highlight the critical importance of RNA-specific 
linguistic representations in achieving improved struc-

tural prediction accuracy.

Second, the “black-box” nature of deep learning models 
leads to a critical lack of interpretability, particularly 
problematic given the high complexity of RNA struc-

tures and data scarcity, which increases prediction un-

certainty. This interpretability gap is especially critical 
in biological applications, where researchers need to 
understand the biological mechanisms behind pre-

dictions for experimental validation and therapeutic 
development. Advanced xAI techniques offer promising 
solutions, including saliency analysis using GradCAM 
[59] for visualizing important sequence regions, 
analyzing attention weights in transformer layers to 
understand long-range dependencies [60], integrated 
gradients for attributing predictions to specific nucleo-

tides, and SHAP (SHapley Additive exPlanations) [61] 
values for quantifying feature contributions to struc-

tural predictions.

Future breakthroughs require addressing data scarcity 
through 10—50x expansion of high-quality RNA 
structures across diverse families, addressing current 
taxonomic and functional biases while including dy-

namic structural information, and context-dependent 
structures under different ionic conditions and bind-

ing states. Integration of experimental constraints 
such as chemical probing techniques (selective 2’- 
hydroxyl acylation by primer expansion (SHAPE), 
dimethyl sulfate (DMS) based techniques, and cross-

linking) and cryo-EM studies represents a promising
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avenue for improving prediction accuracy through 
hybrid computational-experimental approaches. The 
development of ensemble-based methods capable of 
predicting multiple conformational states remains 
essential for capturing RNA’s inherent flexibility and 
functional diversity.

RNA structure prediction represents a multidisciplinary 
field spanning computational biology, structural biology, 
and AI, requiring coordinated collaborative efforts and 
open-source initiatives to drive rapid development. 
Expert consensus suggests that achieving RNA’s 
“AlphaFold moment” will require 5—10 years of coordi-

nated efforts in experimental structure determination, 
algorithmic innovation specifically designed for RNA’s 
unique characteristics, and community benchmarking 
infrastructure development [62]. Success depends on 
recognizing that RNA structure prediction faces quali-

tatively different challenges from protein folding, 
demanding RNA-specific solutions rather than direct 
adaptation of protein methods.
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