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RNA structure is central to the function of every RNA class yet
the gap between annotated sequences and experimentally
determined structures remains large. Computational methods
to fill this gap have evolved from thermodynamic free energy
minimization through supervised deep learning to self-
supervised RNA language models trained on millions of se-
quences, progressively improving structure prediction. Here
we review the state of the art in RNA structure prediction,
covering key training datasets, community benchmarks, and
the performance of current models. We further discuss per-
spectives on integrating other data modalities, such as
chemical probing signals and RNA modifications, as well as
the emerging role of generative models. Challenges in
generalization, handling of noncanonical interactions, and
contextual structure prediction remain open frontiers for the
field.
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Introduction

RNAs represent a central biomolecule in cells, whose
functional complexity is reflected not only by the di-
versity of RNA families but also by the variety of tran-
scriptional and post-transcriptional processes where RNA
is involved either as a substrate or as an effector [1—3].
"The bioactivity of these RNAs is determined through the
folding of the single-stranded nucleic acid chain onto

itself [4]. Helical structures arise from the stacking of
nucleobases composing the primary sequence, which are
further involved in hydrogen bonds between each other
and the sugar-phosphate backbone, resulting in local
secondary structures, and longer—range interactions ul-
timately leading to a 3D structure [5]. These structures
are dynamic [6] and the kinetics of an RNA’s structural
landscape depends on the cellular context in which it
is involved.

It is crucial to understand and characterize the struc-
ture(s) adopted by RNA to understand its bioactive
state. Various experimental techniques [7] have enabled
the measurement of these structures. Techniques such
as X-ray crystallography, NMR, and cryo-EM provide
information about the 3D conformations of sequences,
at low throughput. Chemical probing methods like
SHAPE and DMS, which reveal nucleotide accessibility
and, when combined with sequencing, provide
transcriptome-wide, single-nucleotide resolution in
living cells. However, despite these advances, structural
data have not kept pace with the rapid growth of known
RNA sequences. The gap between known RNA se-
quences and determined 3D structures is enormous,
likely even larger than the protein structure gap before
AlphaFold. While databases such as RNAcentral [8]
contain 10s of millions of RNA sequences and RFam [9]
catalogs 1000s of families with millions of members, the
Protein Data Bank (PDB) holds only ~10,000—15,000
RNA-containing structures, mostly fragments, protein-
bound RNAs, or redundant examples. After filtering
for unique, high-resolution structures, fewer than
~ 1000 distinct RNA folds remain [10]. As a result, most
of the transcriptome lacks 3D structural characteriza-
tion, limiting our understanding of RNA function and
highlighting a major frontier for both experimental and
computational structural biology.

Structural elements embedded within RNA sequences
regulate the full lifecycle of a transcript, from transcrip-
tion and processing, through translation (for coding
RNAs), localization, and degradation, and can organize
biomolecular condensates via structure-dependent in-
teractions [4]. Their importance is exemplified by recent
studies of the SARS-CoV-2 genome, where advances in
experimental techniques have revealed complex regula-
tory mechanisms, including the hijacking of host RNA-
binding proteins (RBPs) and the presence of intricate,
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functionally relevant RNA structures [11]; the interplay
between these structures and RBP binding has been
further explored through computational and experi-
mental approaches [12—14]. Beyond their fundamental
roles, RNA structures also represent compelling,
sequence-specific targets for therapeutic intervention in
genetic diseases and viral infections [15].

Notably, there has been an explosion of methods
applying large language-modeling architectures onto
nucleic acid sequences [16,17,19], exploiting the con-
ceptual analogy of nucleotides as words organized by
context-specific rules into sentences, resulting in
models designated as RNA language models (RNA-
LLM). Nonetheless, it remains difficult to identify across
the methods whether one method truly outperforms the
others, owing to the variety of datasets and prepro-
cessing approaches adopted for each method, and a lack
of standard evaluation approaches. Fortunately, recent
works have proposed standardized datasets and
benchmark evaluations, with the aim to properly quan-
tify the relative performance of these models, identify
the key architectural choices driving this performance,
and assess the generalization potential of these models
beyond their training data.

As illustrated in the graphical abstract, we present here a
brief overview of state-of-the-art RNA structure pre-
diction models, with a focus on recent RNA LM—based
approaches, along with the key training data sources,
widely used benchmarks, and their most relevant re-
sults. We also propose a perspective on potential ave-
nues to improve computational predictions of RINA
structures, from input datasets to modeling approaches.
We note that each of the aspects discussed in the
following is covered by specialized recent reviews, to
which we refer the reader for more detailed treatment.
Finally, we highlight novel avenues to predicting RNA
structures, both from datasets and modeling approaches.

Datasets for training and benchmarking
RNA structure prediction models

The proliferation of machine learning models in the past
years has shown a large diversity of datasets, model ar-
chitectures, and applications of these models on structure
prediction and beyond. These models have been trained
on a variety of datasets, which have become over time
reference datasets for novel methods to be trained on or
evaluated against. The content and scale of these datasets
determines the type of models and training objective, as
highlighted in detail in Table 1, either having been
established by pioneer structure-prediction methods
(such as the Archive II datasets or the bpRNA datasets
[20]) or representing general databases (such as
RNAcentral [8] or RFam [9]) that can be directly used by
RNA LM as we will present in the next section. These
pioneer datasets pair RNA sequences with their

secondary structures in dot-bracket notation across
curated RNA families, with Archivell offering a few
thousand structures spanning ~ 10 families and bpRNA-
1m in particular aggregating over 100,000 structures from
multiple sources, thereby establishing the scale required
to train deep models.

One important question raised both for secondary
structure and 3D structure prediction methods has been
the overestimation of their capacity to generalize to
unseen sequences, arising from high similarity in
sequence and structures between training and testing
datasets. This led to the definition of novel datasets,
either relying on external sources and novel sequences
and structures absent from the “pioneer” datasets (such
as bpRNA-new [21] or RNAStralign [22]) or through
careful data similarity reduction and minimization of
similarity between data splits (such as RNA3DB [23] or
RNAsolo [24]). RNAsolo provides a curated collection
of experimentally determined RNA 3D structures
extracted from the PDB and grouped into equivalence
classes (isolated RNAs, RNA-protein complexes, and
DNA-RNA hybrids) to limit redundancy. RNA3DB
pushes this further by clustering PDB RNA chains into
components that are nonredundant in both sequence
and structure, so that any resulting train/validation/test
split is guaranteed to avoid the sequence and structural
overlap responsible for inflated generalization estimates.

In RNA structure prediction, community challenges are
used to benchmark methods, the most notable example
being CASP experiments, where users apply models to
predict protein and RNA structures before experimental
data are released. RNA has only recently been included
with dedicated targets in CASP15 (2022) and CASP16
(2024) [25,26], evaluated against 3D structures deter-
mined by X-ray crystallography, NMR, or cryo-EM. The
recent Kaggle Ribonanza Challenge [27] has comple-
mented this paradigm by benchmarking models on
large-scale experimental datasets, using synthetic
nucleotide-resolution chemical probing data (e.g.,
SHAPE/DMS) to predict RNA structure and reactivity
from the sequence.

Additionally, datasets gathered in the context of online
challenges have the property of maintaining a private,
unreleased subset, known only to the authors of the
challenge. While such a setting still requires proper
assessment by the authors of sequence and structure
similarities with the released datasets, this guarantees
that the performance of trained models is not inflated by
data leakage. Finally, while the majority of the datasets
reported correspond to RNA sequences paired with RNA
structures (either in the form of dot-brackets for sec-
ondary structures or commonly in 3D coordinates of
mmCIF format or contact-maps for tertiary structures),
we report about additional datasets used in the context of
RNA structure prediction. Notably, chemical probing
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Table 1

Datasets used for training and evaluating RNA structure prediction models.

Name Date Description Example of methods Type
exploiting the dataset
Archivell [65] 2016 Sequence and structures from 3975 entities across 10 families. UFold (test) Structure
MXfold (test)
SincFold (interfamily
cross-validation)
RNAStralign [22] 2017 Defined in the TurboFold Il article. Total of 37,149 sequences and structures across 8 E2Efold (train/validation/ Structure
families, aggregated from different RNA structure repositories. This is considered test)
complementary to the Archivell dataset. UFold (train/validation/
test)
RNA mapping DB 2018 Database storing 1055 entries, describing more than 1597 experiments of 4,576,919 Specific to the Chemical probing
(RMDB) [66] sequences. A subset generated in the context of the Ribonanza Kaggle challenge Ribonanza Kaggle
contains probing signals for 66,351 unique sequences from 703 experiments, making challenge models.
use of 12 different experimental protocols, for a total of 142,300 profiles.
bpRNA-1m [20] 2018 Sequences and structures from 102,318 entities across 10 families. Built notably SPOT-RNA (train) Structure
from RFam 12.2. Usually post-processed to reduce sequence similarity, using tools UFold (train)
such as CD-HIT. MXfold2 (train)
bpRNA-spot [67] 2019 Derived from bpRNA-1m, retaining sequences with less than 80% sequence SPOT-RNA (test) Structure
similarity. The dataset is further split into train, validation, and test sets. MXfold2 (test)
BPfold (test)
bpRNA-new [21] 2021 Defined in the MXfold2 article, built as a dataset independent from bpRNA-1m by SincFold (test) Structure
accumulating 5430 low-similarity sequences from RFam v14.2 absent from bpRNA- MXfold2 (test)
1m to properly assess generalization performance on out-of-distribution sequences.
RNAsolo [24] 2022 Derived from PDB, collection of RNA-structural data, grouped into classes to reduce RhoFold+ (test) Structure
redundancy. In March 2026: 3974 isolated RNAs, 33,951 RNA-protein complexes, trRosettaRNA (test)
and 161 DNA-RNA hybrids.
RNAS3DB [23] 2024 A dataset of nonredundant RNA structures from the PDB. RNA chains in the PDB Benchmark of Structure
were labeled with noncoding RNA families and then clustered to reduce redundancy. AlphaFold3 by [68]
From 05/01/2026—full-release, 2199 sequences were clustered into 142 components
that are nonredundant both in sequence and structure. This aims at preventing data
leakage during data split for training models.
GARNET [30] 2024 Gtdb-acquired RNa with environmental temperatures: Database linking genomic Specific to the GARNET Structure
RNA sequences (especially rRNAs from GTDB genomes) to optimal organism paper.
growth temperatures. Contains sequence and structural context (e.g. 16S/23S/5S
RNAs with temperature metadata).
RNAbench [69] 2024 Three benchmark datasets carefully curated and segmented to address homology Specific to the Structure
issues and evaluated generalization performance of models. RNAbench benchmark
paper.
Kaggle Ribonanza 2024 DMS-MapSeq and 2A3-MapSeq probing profiles for 806,573 synthetic sequences, Specific to the Chemical probing
challenge [27] processed with the Ubr pipeline from the Das lab. Ribonanza Kaggle
challenge models.
bpRNA-NF-15.0 2025 Defined in the DivideFold article, built from RFam v15.0 as a dataset independent DivideFold (defined it; Structure

[70]

from bpRNA-1m, resulting in 8788 low-similarity sequences.

independent test)

(continued on next page)

€ 02Isiel\ pue uoAol Buipjo) YNH JO sjpow aAnoipald uo sanioadsiad



6£€£01:001 ‘9202 ABojoig [eanjonas ur uojuido usung

Ww09°10811p32UdI0S MMM

Table 1. (continued)

Name Date Description Example of methods Type
exploiting the dataset
RNA family 2025 Curated database of 10s of millions of RNA sequences grouped into RNA families (as RiNALMo (pretrain) Structure
database (RFam) of Jan 2026: 4227 families), each defined by multiple-sequence alignments,
[9] consensus secondary structures, and covariance models. Source for bpRNA-1m,
bpRNA-new, RNASSTR.
RASP DB [29] 2025 438 RNA structure probing datasets covering 85 articles, 24 species, and 39 Not used to our Chemical probing
experimental methods knowledge.
RNASSTR [71] 2025 Datasets created by the authors of SincFold, curating sequences and structures from SincFold (train/test) Structure
RFam, RefSeq, and GTDB. A total of 4,779,435 high-confidence RNA
sequence—structure pairs, with increased depth across various RNA families.
Nucleotide affinity 2025 Aggregates 162 high-throughput assays (binding/activity) with 2.6 million mutated Not a structure Sequence
benchmark DNA/RNA sequences to assess fitness. prediction dataset,
(NABench) [31] rather used to evaluate
language models e.g.
RNA-FM.
CASP16 [26,72] 2026 While focused on protein folding, this edition and the previous one included RNA AlphaFold3 (test) Structure
structures as part of the challenge. Here: 35 RNA monomer structures, covering a RhoFold (test)
range of complexity (from homology to known structures to non-canonical
interactions and tertiary motifs.)
RNAcentral [8] 2026 Comprehensive database of 45M RNA sequences from 54 databases. RNA-FM (pretrain) Sequence
RiNALMo (pretrain)
RNAnNdria [52] 2026 Authors used DMS-MaPseq to probe and model the structures of 3’ ends of mMRNAs eFold (train) Chemical probing

and primary microRNAs (pri-miRNAs) of the human genome, totalling 1456 mRNA
and 1098 pri-miRNA structures.

PDB, Protein Data Bank.
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Perspectives on predictive models of RNA folding Moyon and Marsico 5

datasets provide a readout of RNA reactivities within
experimental conditions, which can be interpreted as a
proxy of the flexibility or accessibility of the nucleobases
in the sequence. Many methods can use these readouts to
guide folding algorithms [28] but they can also be used as
a signal to predict, closer to the readouts from the ex-
periments (as compared to dot-brackets, which involve an
algorithmic transformation, that introduce specific biases
from priors). The Kaggle Ribonanza Challenge provided a
large-scale coherent set of probing signals for close to a
million sequences. Besides, the RASPdb [29] compiled a
variety of published datasets into a unified interface to
query. Two other datasets worth mentioning are the
GARNET dataset [30] and the NAbench dataset [31],
enabling the exploration of the relationships between
RNA and fitness. Beyond the training objectives and an-
notations emphasized so far, the datasets surveyed here
also differ in the RNA classes they represent. Most
structure-oriented datasets are dominated by noncoding
RNAs and are skewed toward a handful of strongly
structured families, such as ribosomal RNAs, tRNAs,
riboswitches, ribozymes, SRP, and RNase P. Hence, long
RNA sequences are represented almost exclusively by
rRNAs, while long noncoding RINAs, messenger RNAs,
and microRNAs remain scarce unless explicitly targeted
(e.g- RNAndria for mRNA 3’ ends and pri-miRNAs).
Large-scale probing experiments such as the Kaggle
Ribonanza dataset and NAbench instead rely largely on
synthetic or mutated sequences, for which natural RNA
class labels are not meaningful, so that the choice of
dataset implicitly determines which RNA types a model
encounters during training and evaluation. These fam-
ilies, moreover, are not merely well structured but
evolutionarily conserved in structure. This property un-
derpins notably the use of large sequence-only corpora in
RNA language models, where structure-preserving
covariation is assumed to dominate the evolution of
structured ncRNAs, enabling masked-language pretrain-
ing to infer base-pairing dependencies from the
sequence alone.

State-of-the-art prediction methods and
benchmarks

From the 1970s to 2006, RNA structure prediction relied
on thermodynamic free energy minimization methods
(e.g., RNAfold [32]) using Zuker’s dynamic program-
ming and Turner’s parameters, alongside comparative
approaches like SCFG-based Pfold [33] that exploited
evolutionary covariation from sequence alignments.
Early machine learning for RNA structure began with
CONTRAfold (2006) [34], using conditional log-linear
models with ~300 parameters to match thermody-
namic methods, while ContextFold (2011) [35] exposed
overparametrization by overfitting unseen RNA fam-
ilies. A further advance came from experiment-trained
neural networks: CROSS (2017) [36] was among the
first methods trained directly on high-throughput

probing data (SHAPE, PARS, and icSHAPE) and
NMR/X-ray structures to predict single- versus double-
stranded structural profiles from sequence alone, at
single-nucleotide resolution and without length re-
strictions, and its outputs could be fed back into ther-
modynamic methods to improve their accuracy. Its
successor CROSSalive (2020) [37], built on the same
architecture but incorporated predicted protein in-
teractions  (via  catRAPID) and m6A-methyl-
ation—dependent models, captures how RNA-binding
proteins and modifications reshape folding inside the
cell. The foundation model era for RNNA structure pre-
diction began with large-scale RNA LLMs trained via self-
supervised masked sequence modeling on millions to
billions of RNA or DNA sequences, learning task-
agnostic representations useful for downstream tasks
including structure prediction. An early example is
RNA-FM (2022) [38], a 12-layer bidirectional trans-
former pretrained on 23.7 million noncoding RNAs from
RNAcentral. RNA-MSM (2024) [39] incorporated
MSA-based coevolution signals, with attention maps
revealing base-pairing contacts, and RhoFold+ (2024)
[40] combined RNA-FM embeddings with geometric
deep learning to achieve state-of-the-art accuracy on
RNA-Puzzles and CASP15. StructRFM (2025) [41]
further advanced the field with structure-aware
pretraining on 21 million sequence—structure pairs,
boosting tertiary structure prediction over AlphaFold3.
Recently, RINALMo [42] demonstrated that such lan-
guage model embeddings can also be integrated into
hybrid architectures for RNA structure prediction, of-
fering competitive performance while remaining MSA-
free. These models harness large unlabeled sequence
datasets to capture evolutionary and structural patterns,
enable single-sequence predictions for orphan RNAs,
and provide versatile embeddings for structure and
functional analyses.

The aforementioned datasets have been used in various
combinations across publications, comparing the model
introduced by the respective authors against a selection
of relevant state-of-the-art models and algorithms. This
prevents a straight-forward comparison of all against all
methods. Recent benchmarks have tried to address this
issue by exploring greater numbers of methods on spe-
cific tasks. We compiled a list of such benchmarks
published in the past years (Table 2) and report here-
after the notable points of interest.

From the EternaBench benchmark (2022) [43] provided
with a comparison of thermodynamics-based models and
machine learning—based models, showing that machine
learning models such as CON'TRAfold2 perform better
than the classical models such as ViennaRNA or
RNAstructure. Overall, RNA-LLMs appear competitive
against other model types across different tasks, with
RNA-FM and RiNALMo consistently leading in
noncoding RNA classification and secondary structure

www.sciencedirect.com
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6 Protein Nucleic Acid Interactions (2026)

Table 2

Benchmark frameworks and analyses.

Name Date Description Structure focus Best models

EternaBench [43] 2022 Evaluates secondary structure packages using high- 2D CONTRAfold 2
throughput chemical mapping and riboswitch affinity EternaFold
data. RNAsoft

BEnchmArk for 2024 A benchmark for 13 tasks covering RNA structural Both 2D and 3D  RNA-FM

COmprehensive RNA analysis, functional studies, and engineering SpliceBERT-MS1024
tasks and language applications BEACON-B

models (BEACON)

[64]

State-of-the-RNArt [73] 2024  State-of-the-RNArt: Compares RNA 3D structure 3D trRosettaRNA
prediction tools (ab initio, template-based, and deep RNAComposer
learning) on common test sets. IsSRNA1

RNAJP

Sinc-lab RNA-LLM- 2025 Focus on RNA-LM, evaluated on secondary structure Both 2D and 3D ERNIE-RNA

Folding [44] prediction with increasing difficulty and low homology. RiNALMo
RNA-FM

RNAGym [74] 2025 Evaluates RNA fitness (variant effects), secondary Both 2D and 3D  Evo 2
structure, and tertiary structure prediction across 70 RNA-FM
assays. RNAErnie

Evo 1.5
EternaFold
CONTRAfold
AlphaFold3
NuFold
Wang et al., 2026 zero- 2026  Zero-shot evaluation of 21 language models, for 2D RNA-MSM
shot [45] secondary structure, classification, and fitness AIDO.RNA
prediction. Strong focus on scaling, data leakage, and MP-RNA
architecture choices. ProtRNA
RNA-FM

Wyss et al., 2025 [75] 2025 Evaluate RNA 3D structure—function modeling, 3D gRNAde
attempting to reduce structural similarity across splits to RNA-frameflow
test model generalization. RNAflow

R3design

NCBench [76] 2025 Evaluation on predicting noncanonical base-pair edges 3D NCfold

and orientations. UTR-language models
RiNALMo
RNA-FM

RNAScope [77] 2025 RNAscope: Benchmarks RNA LM across 15 subtasks Both 2D and 3D  RiNALMo

gauging structure, interaction, and function. RNA-FM
SpliceBERT
3UTRBERT

RNATx-bench [63] 2025 Focused on RNA therapeutics (ASOs, siRNAs, etc.); 3D RNAGenesis
evaluation of RNAGenesis on 3D structure. RhoFold+

Evo 2
RNA-FM
AlphaFold3 benchmark 2025 A comprehensive evaluation of AlphaFold3 for RNA 3D 3D AlphaFold3
[68] structure prediction against 10 state-of-the-art methods.

CASP16 [25,72,78] 2026 CASP16: Large-scale assessment of nucleic acid (RNA/ 3D Vfold
DNA) 3D structure prediction for monomers and GuangzhouRNA-human
multimers KiharaLab

Yang-server
GeneSilico
RNA-puzzles round 5 2026  RNA-puzzles round V: A blind community challenge for 3D RNAComposer
[79] predicting RNA 3D structures from sequences. SimRNA
Das group
Chen group

Szachniuk group
Bujnicki group

LM, language models.

Current Opinion in Structural Biology 2026, 100:103339
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Perspectives on predictive models of RNA folding Moyon and Marsico 7

prediction [44]. The benchmark from Wang et al. [45]
represents a particularly interesting approach to the
evaluation of RNA-LLMs: the authors focus on zero-shot
evaluations, i.e. directly using the numerical represen-
tations (embeddings) produced by the models from the
input sequences and minimally transforming those to
adapt to the considered downstream tasks. This ad-
dresses the idea that through their training RNA-LM
learn complex dependency rules related to the
sequence content that should in part reflect structure
folding. Across benchmarks, the question of general-
ization still remains as many models do show noticeable
prediction quality drop-offs when applied interfamily. In
addition, deep learning for RNA faces limited structural
data (25x fewer than proteins in PDB) and high
computational demands for long sequences, while even
top foundation models must account for RNA confor-
mational ensembles, chemical modifications affecting
stability, environmental context, and scaling to full-
length transcripts. Finally, the CASP16 challenge re-
sults highlight that overall machine learning approaches
frequently struggle with noncanonical interactions,
pseudoknots, and the long-range dependencies neces-
sary for stable tertiary folding. Best performing teams
showed that thermodynamically informed predictions
serve as a critical bridge between accurate 2D scaffolds
and complex 3D architectures, by integrating biophysi-
cal constraints that purely data-driven models often
overlook. Such hybrid approaches enforce thermody-
namic stability and stereochemical correctness, leading
to 3D models that respect the underlying physical laws
of RNA folding.

Perspectives: chemical probing signals,
multimodal data, and modeling
improvements

On chemical probing signals

Chemical probing signals, indicating local nucleotide
flexibility or accessibility at each position in the RNA,
where high reactivity indicates an unpaired, conforma-
tionally flexible nucleotide and low reactivity indicates a
base-paired or otherwise constrained one, represent an
interesting data source, providing researchers with
contextualized information on the structure(s) adopted
by a given sequence [46]. State-of-the-art RNA-folding
algorithms such as ViennaRNA [47] and RNAStructure
[48] handle these probing signals as additional con-
straints to consider when folding input sequences. The
pioneering machine learning methods ShaKer [49] and
StructureImpute [50] demonstrated that it was possible
to model the probing signal from input sequences, using
graph-kernel modeling (ShaKer) or combining multi-
layer convolutional neural network and recurrent
neural network modeling. More recently, the Atom-1
[51] was presented as a well-performing (but closed-
source) foundation model trained on such data. The
Kaggle Ribonanza Challenge [27] has then been a

notable milestone, providing large-scale chemical prob-
ing datasets through the Kaggle platform, which lead to
a large number of deep learning models from partici-
pants. The final model developed by the authors of the
challenge, RibonanzaNet, is based on a “dual-tower”
architecture where sequence representations
(processed through layers of convolutions and attention)
and 2D pairwise representations (built from the indi-
vidual nucleotide representations from the first
“tower”) are mutually updating during training of the
model, leveraging motif detections and long-range de-
pendencies between any pairs of nucleotides. They
demonstrated great performance as a foundation model
when applying it notably to 2D and 3D structure pre-
dictions. We note that the datasets correspond to syn-
thetic sequences and thus does not address the idea of
in vivo contextualized RNA structures. On the other
hand, the very recent eFold model [52], trained on au-
thors’ newly defined RNAndria dataset of m oo
chemical probing data, is the latest model trained on
such task, with promising performance, considering
great generalization on the Ribonanza datasets. While
i vitro RNA folding primarily reflects the intrinsic
thermodynamic and biophysical constraints encoded by
the RNA sequence, 2 vivo RNA structure probing cap-
tures additional layers of cellular regulation, including
protein interactions, molecular crowding, active
remodeling, and cotranscriptional effects [53]. Thus,
in vivo chemical probing provides better contextualized
snapshots of RNA structures that may significantly
differ from iz vitro folded structures. Beyond contextu-
alization of RNA folding, recent chemical probing
studies have enabled the identification of alternative
structures adopted by RNAs depending on context
[54,55]. This is a particularly interesting avenue for
computational approaches to go beyond the static pre-
diction of a single structure given an input sequence.
This concept is exploited by the FoldARE method [56],
although the probing signal there is entirely simulated
rather than predicted after training on experi-
mental data.

Perspective on multimodal input data

In the review [18], the authors provide a list of data-
bases compiling experimental results measuring RNA
modifications (such as m6A) across sequences. As
discussed by authors, these modifications are of partic-
ular importance in the folding of RNA sequences as they
can greatly influence and redefine the landscape of in-
teractions that are possible within an unmodified
sequence. While challenges remain such as the sparsity
of these data, their integration was successful for tools
such as the ViennaRNA suite [57] and RNAStructure
suite [48]. The review additionally reports a list of
methods aimed at predicting RNA modifications from
input sequences. But to date, it seems that no deep
learning method has attempted to integrate both RNA
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8 Protein Nucleic Acid Interactions (2026)

sequence and RNA modifications to address the task of
RNA folding, which would be an interesting future
perspective. Beyond RNA modifications, the structure
ensemble accessible to an RNA can be redefined by
interactions with other biomolecules, either endogenous
(such as RBPs, in particular helicases unwinding the
mRNA during translation) or exogenous (such as RNA
therapeutics or small molecules [58]). Thus, models
trained on such additional signals, both experimental or
predicted [59], should provide richer, contextually ac-
curate structure predictions. Causal relationships will
require additional experimental data and modeling ap-
proaches though, which goes beyond the task of
predicting structure from input modalities.

From predictive models to generative Al approaches
Besides prediction models, we note that some bench-
marks included generative models. Whereas, the pre-
dictive models discussed so far learn to map an input
sequence to a single most-likely structure, generative
models instead learn the overall distribution of struc-
tures present in the training data, and can then draw
new samples from it. This distinction is biologically
meaningful for RNA: a given sequence does not adopt
one fixed shape but rather samples an ensemble of
alternative conformations. By learning this data distri-
bution and its intrinsic variability, generative models can
propose several plausible structures for the same
sequence and thus better reflect this conformational
diversity. For instance, diffusion models are trained by
progressively adding noise to real data and learning to
reverse that process; once trained, they start from pure
noise and denoise it step by step to generate new
samples resembling the training data [60]. [t remains to
be clarified whether the variability of generated signals
reflect a biologically relevant variability learned by the
model, such as structure dynamics, flexibility, energy
states, or merely the uncertainty of the model in
reconstructing the signal. Despite these open questions,
recent models such as RNADiIffFold [61] or DynaRNA
[62] demonstrate successful application of such archi-
tectures to the prediction of RNA structures, while
RNAGenesis [63] was presented as a foundation model
with great performance on the BEACON benchmark
[64]. Nonetheless, a more exhaustive evaluation of
these models is required to understand their advantages
and limitations compared to alternatives.

Conclusion

We reported here some of the latest results in applying
machine learning approaches to RNA structure predic-
tion, notably progress from RNA LM-—based ap-
proaches. Challenges remain in properly evaluating
these models and in identifying clear architecture
choices or data modeling approaches that consistently
set them apart. Current models may be complementary
to one another and new methods should provide critical

looks at where they fail and interrogate the nature of the
ground truths they compare against. Finally, we suggest
that novel generative deep learning architectures, as
well as multimodal or multitask approaches would
enable both contextualized and uncertainty-aware
folding of RNA sequences.
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