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Determining RNA three-dimensional (3D) structure and conformers remains
agrand challenge in structural biology, primarily owing to the scarcity
of experimental data, the intrinsic flexibility of RNA molecules, and the

limitations of current experimental and computational methods. Here we
propose trRosettaRNA2, adeep learning-based end-to-end approach to this
problem. Considering the scarcity of RNA 3D structure data, trRosettaRNA2
integrates an auxiliary secondary structure (SS) prior module, pre-trained on
extensive SS data, to generate informative base-pairing priors. This module
alsoservesas anindependent RNA SS prediction method, trRNA2-SS, and
achieves state-of-the-art performance. To enable end-to-end prediction,
trRosettaRNA2 uses SS-aware attention to generate RNA 3D structure and
conformers (distinct 3D spatial arrangements of the same molecule resulting
fromits intrinsic flexibility). Rigorous benchmarks demonstrate that
trRosettaRNA2 outperforms other RNA 3D structure prediction methods,
despite using substantially fewer parameters and computational resources.
Notably, its flexibility in leveraging diverse secondary structure inputs
provides a pathway to generate accurate 3D structure and explore the RNA
conformers. Based on trRosettaRNA2, our group, Yang-Server, was the top
automated server for RNA structure predictionin the CASP16 blind test,
surpassing AlphaFold 3. This performance highlights that trRosettaRNA2
represents asolid step forward for RNA structure prediction. Application
to theribonuclease PRNA demonstrates that trRosettaRNA2 successfully
captures its structural heterogeneity even without requiring experimental
data, showing its potential to predict RNA conformational ensembles.

Determining the structures and conformations of RNA is crucial for
elucidating biological functions fundamentalto life, yet remains experi-
mentally challenging owing to the intrinsic flexibility and instabil-
ity of RNA'. To address this challenge, decades of effort have been
dedicated to developing computational methods for RNA structure
prediction*™, In recent years, deep learning has been introduced to
improve performance ', For example, trRosettaRNA" and DeepFol-
dRNA™ use transformers to predict geometry for energy minimization;

RhoFold+"introduces RNA language models; while RoseTTAFoldNA'®,
RoseTTAFold All-Atom" and AlphaFold 3" target broader biomolecular
systems. Arecent method, GraphaRNA, utilizes graph neural networks
and diffusion models to predict RNA substructures'’, Benchmarks and
blind tests have confirmed that deep learning enhances automated
modelling accuracy™"*".

Nevertheless, RNA-Puzzles and Critical Assessment of Struc-
ture Prediction (CASP) competitions, the leading community-wide
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experimentsin the field, highlighted that RNA structure predictionis
far from being solved® 2. The challenge stems from several aspects.
First, the scarcity of experimental three-dimensional (3D) data in the
Protein Data Bank (PDB)* (only ~4% of entries contain RNAs) hinders
the performance of data-driven methods. Second, the quality of multi-
plesequence alignment (MSA), which s essential for current structure
prediction paradigms, is often suboptimal for RNA. Specifically, the
alignment specificity and sensitivity of sequence-based tools (for exam-
ple, BLASTN®) arelimited by RNA's simple four-base alphabet and their
failure to account for structural conservation that often outweighs
sequence identity***°; advanced structure-aware methods” > are
hampered by the prohibitive computational cost of iterative covariance
model-based searches and the quality of the initial secondary structure
(SS) priors. Third, RNA is inherently more flexible than proteins' >, a
characteristic largely overlooked by existing methods.

Recently, a few studies have begun to predict RNA conformers
by integrating computational methods with experimental data. For
example, HORNET, a computational framework, was proposed to
determine RNA 3D conformations from atomic force microscopy (AFM)
images®>”'. However, the de novo modelling of RNA structural heteroge-
neity without relying on experimental data remains amajor challenge.

To address 3D data scarcity and capture RNA dynamics, we lev-
erage the abundance of SS data. Given that RNA folding is largely
hierarchical®*~*, SS information serves as a critical foundation for
scaffolding the 3D structure. This relationship formed the basis of early
RNA3D prediction methods, as originally introduced by the MC-Fold/
MC-Sym pipeline®. Notably, databases such as bpRNA*® contain ~12
times more entries than the RNA structures in PDB, providing a rich
resource to mitigate datascarcity. Moreover, SS variations often link to
3D conformational heterogeneity. Therefore, we argue that an effective
solution for predicting RNA 3D structures and conformers can come
from aclose connection between RNA 2D and 3D structures.

Followingthis rationale, we propose trRosettaRNA2, anend-to-end
(E2E) method to predict RNA 3D structure and conformers. Distinct
from traditional approaches that treat SS merely as external static
constraints, trRosettaRNA2 incorporates aninternal SSmodule, which
is pre-trained to learn fundamental RNA folding rules from massive
SS data. Evaluated as an independent SS predictor (designated as
trRNA2-SS), itachieves state-of-the-art performance. To facilitate E2E
prediction, we introduce an SS-aware structure module to directly
predict the 3D structure. Rigorous benchmarks and CASP16 blind
assessments®*® demonstrate that trRosettaRNA2 is competitive with
AlphaFold 3, despite requiring substantially fewer parameters and
training resources, while consistently outperforming other automated
methods. Notably, trRosettaRNA2 successfully recapitulates the het-
erogeneous conformational landscape of ribonuclease P (RNase P)
RNA as observed in AFM experiments.

Results
Overview of trRosettaRNA2
As depicted in Fig. 1, trRosettaRNA2 uses an E2E pipeline for RNA 3D
structure prediction (Supplementary Methods 2 provides the detailed
pseudocode). The pipeline comprises four primary components: an
SS prior module for base-pairinginitialization, an RNAformer module
for feature encoding and updating, an SS-aware structure module for
coordinate prediction, and a post-processing refinement procedure.
Specifically, starting from the target RNA sequence, an MSA is
generated and encoded into feature embeddings (Algorithm 2 in Sup-
plementary Methods 2). Subsequently, the SS prior module (Algorithm
3in Supplementary Methods 2), pre-trained on the extensive bpRNA
database’, generates SS priors in the form of base-pairing probabili-
ties. These priors, integrated with the MSA embeddings, are encoded
into one-dimensional (1D) and two-dimensional (2D) representations
and updated by RNAformer. As a two-track transformer, RNAformer,
iteratively updates the bimodal representations through axial attention

and cross-modal interactions (pair-biased attention and outer-product
expansion; Algorithm 4 in Supplementary Methods 2). Finally, the
SS-aware structure module predicts the all-atom Cartesian coordinates
fromthe updated representations.

To ensure physical realism, the predicted coordinates undergo
a rapid relaxation protocol, involving bond idealization and
energy-guided clash minimization. This protocol is implemented
using PyRosetta®. PyRosetta was selected for its physically grounded
energy functions and mature refinement protocols, which are commu-
nity standards for fine-grained molecular modelling. Its Python-based
interface also allows for seamless integration of Rosetta’s versatile
optimization algorithmsinto our workflow. We refer to thisintegrated
workflow as trRosettaRNA2 (E2E), standing for end-to-end. Alterna-
tively, thefinal 3D structure can bereconstructed viaPyRosettaenergy
minimization based on the geometric constraints derived from the
predicted 2D representations, bypassing the structure module. This
latter approachis termed trRosettaRNA2 (PyRosetta).

Notably, the SS prior module, beyond providing critical base-
pairing priors, functions as a standalone RNA SS predictor termed
trRNA2-SS. Comprehensive benchmarks demonstrate thatitachieves
state-of-the-art (SOTA) performance (Supplementary Results 1,
Supplementary Fig.1and Supplementary Tables 1-4).

Performance of trRosettaRNA2 on RNA 3D structure
prediction

In addition to the SS prior module, another major advancement of
trRosettaRNA2 over trRosettaRNA lies inits E2E architecture powered
by an SS-aware structure module. To assess the 3D structure predic-
tion capabilities of trRosettaRNA2, we constructed abenchmark test
set, TS28, which was carefully curated to ensure no redundancy with
the training data (Methods). This set provides a standard, unbiased
benchmark, characterized by internal non-redundancy and the absence
of interactions with non-RNA macromolecules. For acomprehensive
evaluation of performance, we assess multiple metrics, including global
topology measures—root-mean-square deviation (RMSD) and template
modeling score (TM-score)—and local accuracy metrics, namely the
local distance difference test (IDDT) score and interaction network
fidelity (INF) (see Methods for details).

To directly compare trRosettaRNA2 with the original trRoset-
taRNA, which takes SPOT-RNA-predicted SSs as input, we initially
evaluate trRosettaRNA2 using SS information from SPOT-RNA. This
is achieved by bypassing the internal SS prior module and directly
feeding the base-pairing probabilities predicted by SPOT-RNA into the
RNAformer module. As shown in Fig. 2a and Table 1, trRosettaRNA2
(E2E) achieves an average RMSD of 9.08 A on the TS28 dataset, an -20%
improvement (lower RMSD) compared with trRosettaRNA. With the
incorporation of the SS prior module, that is, using the enhanced SS
predictor trRNA2-SS, all four accuracy metrics are further improved.
This demonstrates the effectiveness of the E2E architecture adopted
intrRosettaRNA2.

Interestingly, we observe that the PyRosetta version of trRoset-
taRNA2isslightly more accurate than the E2E version, probably owing
tothe enhanced structural plausibility achieved through energy mini-
mization. Considering that the energy minimization procedure is pri-
marily guided by the 2D geometries predicted by the neural network,
thisresult suggests that the E2E training also boosts the 2D geometries
prediction. Consequently, the final trRosettaRNA2 achieves anaverage
RMSD of 8.66 A, representing a24% improvement over trRosettaRNA
(Fig. 2aand Table 1), and outperforms its predecessor on 71.4% of tar-
gets (Fig.2b). Theimpact ofindividual model componentsis discussed
inSupplementary Results 2.

Comparison of trRosettaRNA2 and other methods
In our previous work trRosettaRNA, we have demonstrated that
deep learning-based methods outperform traditional automated
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Fig.1| Overview of the trRosettaRNA2 pipeline. a, Diagram for RNA 3D
structure prediction. The blocks with blue backgrounds represent the

neural networks utilized, and those with grey backgrounds indicate the data
embeddings used. If the E2E model predicts substantial steric clashes, Rosetta
energy minimization will be applied to fold the RNA structure, guided by deep
learning constraints. b, Architecture of the pre-trained SS prior module, trRNA2-
SS. Theinput MSA is transformed into two distinct representations: MSA
representation (highlighted in orange) and pair representation (highlighted
inblue). The variables n, L and c are the number of sequences in the MSA,

thelength of the RNA sequence and the number of channels, respectively.
RNAformer is a transformer-based neural network similar to those used in
trRosettaRNA. ¢, Architecture of an SS-aware invariant point attention block
from the structure module. It utilizes predicted SS information, specifically
base-pairing probabilities, to optimize the attention weights between any two
nucleotides in the query RNA. This adjustment enhances the model’s ability
to accurately capture the interactions and relationships between nucleotides
based on their predicted SS. bb, RNA backbone.

methodsrelying on physical energy and/or fragment assembly. Thus,
in this study, we only compare trRosettaRNA2 with other SOTA deep
learning-based methods, including DeepFoldRNA and RoseTTAFoldNA
(published around the same time as trRosettaRNA), as well as more
recently published methods RhoFold+ and AlphaFold 3. Unless oth-
erwise specified, all methods were run locally using identical inputs
(MSA and/or SS).

As shown in Table 1 and Fig. 2a, trRosettaRNA2 shows competi-
tive performance with AlphaFold 3 and outperforms other methods
onTS28. Specifically, trRosettaRNA2 achieves better RMSD and IDDT
than AlphaFold 3, although with aslightly lower TM-score and INF, while
consistently outperforming all other representative methods across
all metrics. Notably, as illustrated in Fig. 2c, trRosettaRNA2 shows a
performance profile complementary to that of AlphaFold 3: trRoset-
taRNA2 outperforms AlphaFold 3 by >1 A on 32.1% of targets, while
AlphaFold 3 outperforms trRosettaRNA2 by the same margin on 25%.
Furthermore, trRosettaRNA2 models show substantially fewer steric
clashes (-2 versus >10 for AlphaFold 3) and are devoid of geometric
entanglements*®~** (verified viaRNAspider®’; Supplementary Table 5),
highlighting the efficacy of its violation-based fine-tuning strategy
(seeablation study in Supplementary Fig.3) and energy-based refine-
ment protocols. Asimilar resultis observedin the CASP15benchmark
(Fig.2d), where trRosettaRNA2 achieves an average RMSD second only
to the top human group, Alchemy_RNA2 (see Supplementary Results
3foradetailed discussion). It also outperforms two recently released
methods DRfold2** and RNAbpFlow* (Supplementary Results 4 and
Supplementary Tables 9 and 10).

One of the key advantages of trRosettaRNA2 lies in its parameter
efficiency. As shown in Fig. 2e, trRosettaRNA2 achieves competitive
performance with only ~30 million parameters. This represents asub-
stantial reduction compared with other E2E methods: only1/2 of RoseT-
TAFoldNA, 1/4 of RhoFold+ and 1/12 of AlphaFold 3. This efficiency is
also observed in training cost (Fig. 2f), as the training of trRosettaRNA2
required only -33 days onasingle A100/A800 graphics processing unit
(GPU; including the SS-based pre-training), substantially less than

RhoFold+ (-1 week on 8 A100 80GB GPUs), RoseTTAFoldNA (-4 weeks
on 64 GPUs; the specific GPU type was not mentioned in its paper), and
AlphaFold 3 (-20 days on 256 A100 GPUs). These findings highlight the
remarkable efficiency of trRosettaRNA2.

Figure 2g,h presents an example RNA:aNAD-IIriboswitchwith PDB
ID 8137, comprising a5'-triple helix and a3’-pseudoknot. Although most
methods (excluding RoseTTAFoldNA) roughly reconstructed these
local motifs, they struggled to predict the correct spatial arrangement
of the 3’ terminus relative to the Pla helix (highlighted in Fig. 2g,h).
This misorientation led to poor global accuracy (RMSD, 11.8-19.3 A).
Conversely, trRosettaRNA2 accurately resolved the tertiary pack-
ing of these domains, achieving a lowest RMSD of 9.3 A. In addition,
the trRosettaRNA2 model showed substantially fewer steric clashes
(clashscore, 3.3) compared with other methods (-7.6-80.6).

Blind test results in CASP16

The design of the SS prior module allows trRosettaRNA2 to enhance
performance by exploring diverse prior information (for example,
the combination of the SS from SPOT-RNA and trRNA2-SS further
improves accuracy; Table 1 and Supplementary Results 2), whereas
other SOTA methods such as AlphaFold 3 and DRfold2 rely solely
on the co-evolutionary signal extracted by MSA or language model.
Based on trRosettaRNA2, we participated in the blind tests of the
CASP16 RNA prediction experiment as two automated server groups,
Yang-Server (TS052) and Yang-Multimer (TS456). Yang-Multimer
used the default trRosettaRNA2 configuration (that is, using the
trRNA2-SS prior) to compare with the other four deep learning pre-
dictors. Yang-Server was further optimized for submitting the best
predictions using diverse SS resources®®, which are trivial to obtain
(see Methods for details).

Yang-Server results. According to the official ranking for the 36 RNA
monomer targets (https://predictioncenter.org/caspl6/zscores_rna.
cgi), Yang-Server is the top-performing server group (1/16), either
ranked by the ‘first” models or the ‘best’ models, and is surpassed
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Fig. 2| Performance of trRosettaRNA2 and other methods for RNA 3D
structure prediction on the benchmark datasets. a,d, RMSD distributions of
different methods on the TS28 dataset (n =28; a) and the CASP15 dataset (n =10;
d). Horizontal black lines indicate the mean RMSD values. Ind, methods are
categorized into human-intervened (red labels) and automated server (blue
labels) groups. b,c, Head-to-head RMSD comparisons of trRosettaRNA2 (trRNA2)
against trRosettaRNA (trRNA; b) and AlphaFold 3 (AF3; ¢) on the TS28 set. Orange
points below the diagonal line indicate better performance by trRosettaRNA2.
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g h, Visual comparison of 3D structures predicted by different methods (g) against
the experimental reference structure (h) for an example target (PDBID 8137).

by only 3 human groups (that is, 4th among 64 participating groups).
Incontrast, AF3-server (based on AlphaFold 3; TS304) ranks 9thamong
the 64 groups, and dNAfold (using DRfold2; TS448) ranks 24th.
Owing to computational resource constraints on the training crop
size, we incorporated AlphaFold 3 predictions for targets exceeding
400 nucleotides thatlacked homologous templates (Methods). Never-
theless, for the remaining 23 targets, Yang-Server still ranks as the best
server group (Fig. 3a). As shown in Supplementary Table 11, the ‘best’
models for these 23 targets from Yang-Server outperform those from
AF3-server across global metrics (RMSD, TM-score and global distance
test total score (GDT-TS)) and show competitive performancein local

metrics (IDDT and INF), while achieving a much lower clashscore.
Inaddition, Yang-Server surpasses dNAfold (based on DRfold2) across
all the metrics, again with a substantially lower clashscore.

Yang-Multimer results. We use the Yang-Multimer group to perform
blind benchmark tests between the default trRosettaRNA2 and other
deeplearning methods (trRosettaRNA, RoseTTAFoldNA, DeepFoldRNA
and RhoFold; see Methods for details). According to the CASP16 offi-
cial rankings, Yang-Multimer places 5th among the 16 server groups
ranked by the summed Z-score (>0) of the ‘first’ models. Note that
only 23 targets with Yang-Multimer submissions are included in the
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Table 1| Comparison between trRosettaRNA2 and other representative methods on the TS28 dataset

Method SS predictor RMSD (A) v LDDT 1 TM-score 1t INF clashscore ¥
RoseTTAFoldNA - 11.95 0.610 0.328 0.722 7
PETfold 9.56 0.671 0.349 0.752 15.5
DeepFoldRNA
trRNA2-SS 8.98 0.672 0.353 0.762 14.3
RhoFold+ - 10.63 0.640 0.333 0717 1.3
AlphaFold 3 - 9.14 0.701 0.387 0.814 1.6
SPOT-RNA 11.35 0.641 0.336 0.723 3.4
trRosettaRNA
trRNA2-SS 9.07 0.685 0.360 0734 34
SPOT-RNA 9.08 0.665 0.358 0.765 36
trRosettaRNA2 (E2E) trRNA2-SS 9.07 0.682 0.361 0.770 51
pLDDT top1 8.53 0.686 0.368 0.781 4.5
SPOT-RNA 9.06 0.677 0.360 0.744 29
trRosettaRNA2 (PyRosetta) trRNA2-SS 8.66 0.695 0.364 0.765 2.0
pLDDT topt1 8.37 0.698 0.371 0.769 2.2

The downwards arrow indicates that lower is better The upwards arrow indicates that higher is better. The best results are shown in bold and the second-best results are underlined.
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Fig. 3| CASP16 blind test results. a, Ranking of the summed Z-score (>0;
calculated according to CASP16 official guidelines) for the 23 RNA targets shorter
than 400 nucleotides or with templates (n = 23). Automated server groups are
highlighted inred on the y-axis tick labels. b, Results for blind benchmark test
performed by Yang-Multimer submission (n = 26 targets with Yang-Multimer
submissions; note that the RhoFold and RoseTTAFoldNA predictions were not
relaxed). Arrows below the x axes indicate the direction of better performance.
For visualization clarity, the RMSD x axis is truncated at 55 A to exclude sporadic
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outliers (from DeepFoldRNA and trRosettaRNA), and the clashscore x axis is
logarithmically scaled. The box in each plot spans the interquartile range, with
the median marked by aline. Whiskers extend to 1.5 times the interquartile range,
and any data points outside this range are plotted as outliers. ¢,d, Two examples
toillustrate the comparison between trRosettaRNA2 (trRNA2) and AlphaFold 3
(AF3-server). Predicted structures (in green) are superimposed onto the
experimental structures (ingrey).

official ranking, which means that the Z-scores for the remaining
13 targets are both 0. If ranked by the average Z-score, Yang-Multimer
is the second-best server group (behind Yang-Server) among the 37
groups (10 server groups) with more than 20 submissions, reflecting
the superior performance of trRosettaRNA2.

Figure 3b and the top portion of Table 2 summarize the results
of Yang-Multimer. Among the Yang-Multimer submissions, trRoset-
taRNA2 outperforms the other four methods in terms of both accu-
racy and physical plausibility. We also extended our analysis to the

subsequently published RhoFold+", finding its performance to be on
par with RhoFold. These findings align with our earlier observations
onthe TS28 dataset.

Case study for CASP16. The competitive performance of trRoset-
taRNA2 over AlphaFold 3 canbe attributed to the incorporation of prior
information via the SS module, leveraging the fact that SSs are gener-
allymorereadily predictable than complex 3D structures. Figure 3c,d
presents two examples toillustrate this.
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Table 2 | Performance on CASP16 RNA monomer targets with Yang-Multimer submissions

Group Method RMSD (A) v LDDT 1 TM-score 1t GDT-TS INF clashscore ¥
RhoFold® 199 0.224 0.328 0.298 0.562 223.9
DeepFoldRNA 201 0.509 0.345 0.312 0.701 14.8
Yang-Multimer RoseTTAFoldNA® 18.8 0.428 0.387 0.355 0.718 44.4
trRosettaRNA 20.1 0.530 0.385 0.351 0.708 6.9
trRosettaRNA2 15.9 0.598 0.464 0.432 0.759 3.2
First model 13.8 0.635 0.510 0.464 0.790 37
Yang-Server
Best model 10.2 0.663 0.548 0.496 0.815 14
First model 12.4 0.659 0.504 0.457 0.809 16.3
AF3-server
Best model 1.3 0.675 0.527 0.478 0.818 15
RhoFold® 19.6 0.496 0.317 0.313 0.522 199.6
Reduced set® RhoFold+ 25.6 0.512 0.317 0.320 0.636 65.7
trRosettaRNA2 14.3 0.636 0.443 0.429 0.758 21

All metrics are sourced from the official CASP16 evaluation unless specified otherwise. The best results in each method group are shown in bold, and the second-best results are
underlined. *Twenty targets with available experimental structures. The metric values on this set are slightly different from the official results as we manually calculated them. "RhoFold and

RoseTTAFoldNA predictions were not relaxed.

The first example is R1288, a stabilized S-adenosylmethionine
analogue-utilizing ribozyme (SAMURI; Fig. 3c) that binds to
S-adenosyl-L-homocysteine (SAH) and two Mg?* ions. For this tar-
get, trRosettaRNA2 achieved similar accuracy to the best model from
AF3-server when no SS prior information was used (8.9 Aand 8.5,
respectively). With the SS prior module incorporated, the RMSD of the
trRosettaRNA2 model wasimproved to 6.4 A. This exampleillustrates
the advantage of leveraging SS prior information, leading to improved
results compared with the methods that do not support this, such as
AlphaFold 3.

The second example is R1293, which comes from a translation
enhancer motif M1293, a complex composed of two protein subu-
nits and one RNA subunit. For this target, while the default trRoset-
taRNA2 model outperforms AlphaFold 3 (that is, Yang-Multimer
versus AF3-server), the performance can be further enhanced when
the SPOT-RNA SSis used as input, resulting in an even more accurate
model for Yang-Server compared with Yang-Multimer. This exam-
ple highlights the potential of trRosettaRNA2 to explore diverse SS
promptstoyield more accurate predictions.

Note that the above two RNA targets are both involved in com-
plexes with other molecules: R1288 is bound to ligands and R1293
interacts with proteins. The prediction of these entire complex
structures falls outside the scope of our method, which is a limita-
tion of our approach compared with AlphaFold 3. However, we
observe that incorporating binding partner information does not
improve the performance of AlphaFold 3 for these two RNA subunits
(Supplementary Fig.11a). For instance, despite AlphaFold 3 predicting
anearly correct binding site for R1293, the overall bound conformation
shows substantial deviations from the experimental structure, witha
notable mis-twisting of the junction region (Supplementary Fig. 11b).
This reflects that accurate prediction of intermolecular interactions,
particularly thoseinvolving RNA, remains a challenging problem, pos-
sibly owing to a scarcity of relevant training data.

Exploring the conformational landscape of RNase P RNA

RNA structures are typically more flexible and dynamic than proteins,
often existing as a conformational ensemble rather than asingle static
structure**™*¢, However, modelling this inherent dynamic nature
remains a challenge for current computational methods. Building
on our findings that SS inputs modulate trRosettaRNA2’s output, we
apply trRosettaRNA2 to predict the heterogeneous structures of the
RNase PRNA. This RNA consists of a highly- conserved catalytic domain

(C-domain) and a specificity domain (S-domain) known for substan-
tial structural heterogeneity across different species. Elucidating the
S-domain’s structural variability is crucial for understanding the cata-
lyticactivity and mechanism of RNase P. Recently, 158 distinct RNase P
RNA conformations were determined via deep learning analysis of AFM
images®. This experimentally observed ensemble shows substantial
diversity, with an average root meansquare fluctuation (RMSF) reaching
19.1 A (Fig. 4a). The variability is substantially more pronouncedin the
S-domain (average RMSF 31.1 A) than in the C-domain (average RMSF
11.7 A), atrend clearly evident in the per-residue RMSF plot (Fig. 4b).

To sample heterogeneous conformations using trRosettaRNA2,
we generate predictions using 11 distinct SSs as input. These SSs were
obtained fromvarious tools: trRNA2-SS (along with its three models),
SPOT-RNA, SPOT-RNA2, EternaFold, MXfold2, RNAfold, RNAstructure
and atemplate SS detected by R2DT. For each SSinput, four structures
were predicted using the E2E version of trRosettaRNA2 (correspond-
ingtoits fourinternal cycles), while theinput MSA was kept fixed. As a
comparison, we also run AlphaFold 3 with 20 different random seeds (5
models per seed). Intotal, we generate 44 trRosettaRNA2 predictions
and 100 AlphaFold 3 models for RNase P RNA.

AsshowninFig.4a, the trRosettaRNA2 predictions show substan-
tial dynamics (overal| RMSF =12.5 A), particularly within the S-domain
(RMSF >20 A). Furthermore, its per-residue RMSF profile aligns well
with that derived from the experimental conformations (Fig. 4b),
achieving a Pearson correlation coefficient (PCC) of 0.894. Notably,
trRosettaRNA2 accurately captures the high flexibility observed in
the two most dynamic stem loops within the S-domain (residues
~150-179 and ~205-235). In contrast, the AlphaFold 3 predictions
are highly homogeneous across both domains, with an overall RMSF
of only -5 A, and substantially underestimate the conformational
fluctuation for almost all residues (Fig. 4b). These results highlight
the advantage of trRosettaRNA2 over AlphaFold 3 for predicting
conformational ensembles.

This advantage is further underscored by the conformational
landscape visualization in Fig. 4c. Despite generating twice as many
structures, the predictions of AlphaFold 3 are highly concentrated
within a small area (red stars), whereas the predictions of trRoset-
taRNA2 show greater diversity and spread (blue stars). For instance,
for the three structurally distinct conformations highlightedin Fig. 4c,
trRosettaRNA2 successfully generates accurate predictions via differ-
entSSinputs. As aspecificexample, for the P58 conformation, the clos-
est AlphaFold 3 prediction remains distant in the landscape, yielding
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Fig. 4| Exploring the RNase P RNA conformational landscape. a, Comparison
of conformation ensembles determined by AFM versus those predicted by
trRosettaRNA2 (trRNA2) and AlphaFold 3. The conformations have been
superimposed onto areference structure (PDB 2A64). Parentheses show average
S-and C-domain RMSFs. b, Per-residue RMSF plot, with the S-domain shaded in

PC1

green. ¢, Visualization of the conformational landscape via principal component
(PC) analysis based on C1’ atom positions. For each highlighted example,
predicted structures (trRNA2, blue; AlphaFold 3, red) are superimposed onto the
corresponding experimental conformation (grey). The trRNA2 predictions are
named using the format ‘{SS predictor}_r{recycling times}"

aTM-score of only 0.451, considerably lower than the trRosettaRNA2
prediction (-0.6). These findings illustrate the potential of trRoset-
taRNA2 for applicationsin studying RNA conformational landscapes,
acrucial and challenging area in RNA biology.

To elucidate the source of heterogeneity, we quantified the SS
dynamics of each ensemble by calculating the standard deviation of
base-pairing states (0/1) for each residue pair, and subsequently averag-
ing these values over all pairs (denoted as SDs). Supplementary Fig. 12
shows that the SS variability of AFM conformations mirrors the 3D land-
scape, with the S-domain being substantially more dynamic. This trend
is roughly captured by the ensemble of 11 predicted SS inputs, whose

SD correlates weakly with the AFM-derived value (PCC > 0.4). While
the network’srecycling mechanism alone (1SS x 4 cycles) offers mod-
erate heterogeneity (PCC = 0.4), using diverse inputs (11 SSs x 1 cycle)
provides better dynamic resolution, especially for the S-domain
(PCC = 0.5). By integrating input diversity and inference recycling
(11SSs x 4 cycles), trRosettaRNA2 produces an ensemble that closely
matches experimental AFM dynamics, especially for the S-domain
(SDgs, 1.38 versus 1.60; PCC = 0.7). Conversely, the AlphaFold 3 ensem-
ble shows high homogeneity (SDys < 0.1). Collectively, these findings
provide amechanistic explanation for the conformational heterogene-
ity observedin trRosettaRNA2 ensembles.
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Discussion

We develop trRosettaRNA2, an automated E2E algorithm for RNA 3D
structure prediction. Rigorous benchmark tests, along with blind
assessments during CASP16, demonstrate that trRosettaRNA2 out-
performs its predecessor, trRosettaRNA, and other representative
deeplearning-based methods. Notably, trRosettaRNA2 is competitive
with AlphaFold 3, despite utilizing considerably fewer parameters and
training resources. Crucially, trRosettaRNA2 shows a unique advan-
tagein predicting the heterogeneous conformations of RNase PRNA,
probably stemming from its effective use of diverse SS inputs. This
capability positions trRosettaRNA2 as a promising tool for investigat-
ing RNA conformational landscapes, a fundamental and challenging
areawithin RNA biology.

According tothe ablationstudy, the most substantial contribution
stems from the SS module, while the MSA embedding and specialized
fine-tuning stages are also beneficial. The SS module provides crucial
priorinformation about base-pairing, which helps mitigate the scarcity
of 3D structure data. Furthermore, this module can also be used as an
independent, SOTA SS predictor (trRNA2-SS). As a practical applica-
tion, trRNA2-SSisused to predict the SS for nearly 100,000 RNAcentral
sequences lacking known SS, yielding high-confidence predictions
across various RNA types, which can provide valuable structural refer-
ence for related research (Supplementary Results 1).

Theanalysisin Supplementary Results 5 demonstrates the robust
generalization capabilities of trRosettaRNA2 and trRNA2-SS. However,
the challenges in predicting synthetic RNAs highlight the need for
further methodological advancements (Supplementary Table 12).
Considering the inherent difficulties in modelling RNA flexibility and
RNA-protein/ligand complexes, future breakthroughs may come from
integrating deep learning methods with experimental or template
information. Indeed, our CASP16 report indicates that incorporating
3D homologous template information effectively improves accuracy
for synthetic RNAs*®. Moreover, integrating experimental data (for
example, cryogenic electron microscopy (cryo-EM), AFM) is highly
promising®>*~', For example, EMRNA*’ achieves a median accuracy
of -2 A starting from the cryo-EM density maps with high-to-medium
resolutions (-2-6 A). In this direction, trRosettaRNA2 can be cou-
pled with SOTA cryo-EM modelling algorithms, such as CryoAtom™
from our lab. Specifically, trRosettaRNA2 can provide SS priors and
de novo models to facilitate CryoAtom’s model building, which in
turn generates high-quality structural templates to further enhance
trRosettaRNA2’s accuracy.

Methods

trRosettaRNA2 algorithm

Different from trRosettaRNA, trRosettaRNA2 uses an E2E architec-
ture with three modules: the SS module, the RNAformer module
and the SS-aware structure module. Supplementary Methods 2 pro-
vides pseudocodes of the inference procedure and core modules
of trRosettaRNA2.

SS prior module. The SS prior module generates a base-pairing
probability map from the input MSA (Algorithm 3 in Supplementary
Methods 2). The MSA is initially embedded into MSA and pair repre-
sentations, which are subsequently updated through 8 RNAformer
blocks. Finally, a2D map containing the base-pairing probabilities for
allresidue pairsis predicted from the updated pair representation. For
threshold-dependent evaluations (F1score and Matthews correlation
coefficient (MCC); Supplementary Tables 1 and 2), the probability
maps were binarized into 2D base-pairing maps using an unadjusted
probability threshold of 0.5.

RNAformer module. The RNAformer module largely inherits from
trRosettaRNA, that is, iteratively updating MSA and pair representa-
tions and predicting the 2D geometries using a Res2Net*-enhanced

two-track transformer network (Algorithm 4 in Supplementary
Methods 2). The primary distinction lies in the reduced block num-
ber: RNAformer in trRosettaRNA2 uses only 12 blocks, down from 48
in trRosettaRNA, as we observed minimal performance impact from
this reduction (Supplementary Table 13). This module outputs the
updated representations, which are subsequently used to generate
the full-atom 3D structure by the structure module (described later).
Meanwhile, thismodule also predicts the 2D geometries. Different from
trRosettaRNA, trRosettaRNA2 predicts only inter-residue distances and
contacts. Inter-residue angles were excluded owing to their marginal
contributionto trRosettaRNA2’s accuracy and the substantial increase
in computational cost for energy minimization.

SS-aware structure module. The SS-aware structure module gener-
ates a 3D structure from the updated representations, assisted by SS
information (line 8 in Algorithm 1in Supplementary Methods 2). This
moduleis primarily driven by invariant point attention, amechanism
adopted in AlphaFold2**, which updates the single representation
using multi-source attention maps. Specifically, starting with the sin-
gle representation (the first row of the updated MSA representation)
and the pair representation, this module iteratively updates the sin-
gle representation via invariant point attention and then refines the
backbone pose (position and orientation, which are initialized by a
graph transformer block®) of each nucleotide. This iterative process
isrepeated eight times with shared parameters. Finally, side-chain tor-
sionangles are predicted and used toreconstruct full-atom structures.
In trRosettaRNA2, the N1(pyrimidine)/N9(purine)-C1’-C4’ frame
defines the backbone of each nucleotide, with remaining atom posi-
tions reconstructed from predicted torsion angles.

Considering the unique importance of SS for RNA 3D structure,
weattempttointegrate SSinto the structure module. Compared with
the vanilla softmax operation used in self-attention’® (equation (1)),
the SS-aware structure module adopts an SS-weighted softmax. This
involves multiplying the base-pair probability map with the attention
maps during softmax (that is, the SS-weighted softmax; equation (2)
andFig.1c). To prevent over-attenuation of the original attentionvalues,
base-pair probabilities are processed using an annealing-smoothing
function, with temperature 7 gradually decreasing across network
blocks (Supplementary Fig.16). Formally, the vanillaattention softmax
operation and the SS-weighted softmax operation can be written as:

eqlkj/ \H

Vanilla attention softmax : a; = S E— 1)
Zl_leqik,/\/a

(e5/7 — 0.99) eak/Vd

2)
zf:l (ep"/T - 0.99) eqik1/\/a

SS-weighted softmax : a; =

where g; is the attention weight assigned by the ith residue to the jth
residue; q;and k; refer to the query and key vectors of the ith and jth
residues, respectively; d represents the dimensionality of the query
and key vectors; L is the sequence length; p; refers to the base-pairing
probability between the ith andjth residues; Tis the temperature factor
oftheannealing-smoothing function, which shows abase-2 exponential
dependence on the network block count.

Recycling. After each network cycle, the first row of MSA representa-
tion, the pair representation and the distance map extracted fromthe
predicted structure arerecycled asinput for the next cycle (Algorithm
SinSupplementary Methods 2). The whole network undergoes a total
of four iterations, that is, with three recycling steps.

Relaxation. Although the training objective of the E2E network
includes structural violation loss (see ‘Training procedure’), minor
violations can persist in the raw network-generated structures.
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To address this issue, we implement a rapid relaxation protocol in
PyRosetta. This protocolidealizes bond geometries and reduces steric
clashes through afast MinMover procedure utilizing the ‘ref2015_cart’
score function within Rosetta. This rapid, yet effective, relaxation step
resolves the majority of structural violations, allowing for fast and
accurate structure prediction.

Energy minimization. Beyond the E2E prediction, trRosettaRNA2
retains the option for energy minimization using predicted 2D geom-
etries. This procedureis analogousto that used in trRosettaRNA, except
that we exclusively utilize inter-residue distance restraints. Orientation
restraints were excluded as their incorporation did notimprove trRo-
settaRNA2’s performance and substantially increased the minimization
time. The specific energy function utilized is as follows:

E = Egist + Eros 3

where Eg.and E, represent the distance-based restraints and Rosetta’s
internal energy terms, respectively.

Training data preparation

Training set from PDB. Our primary training dataset was derived
fromthe PDB. We collected all RNA-containing entries released in PDB
beforeJanuary 2024 andisolated the RNA components. The multi-chain
entries were systematically split and subsequently reassembled into
individual chains according to inter-chain base-pairing interactions.
The chains shorter than ten nucleotides were removed. The result-
ing dataset comprised 10,699 RNA chains, which were used to train
both trRosettaRNA2 and trRNA2-SS. To ensure rigorous benchmark
evaluations and avoid data leakage, a subset of 8,598 RNAs released
before 2022 was designated as the training set for benchmarking.
To prevent sampling bias from sequence redundancy, we clustered
the training targets to ensure that near-identical sequences (defined
as 100% identity and >90% coverage; using CD-HIT-EST* with ver-
sion 4.8.1) were not repeatedly sampled during the initial epochs
(see Supplementary Table 14 for details).

Training set from bpRNA. To facilitate transfer learning for SS predic-
tionin trRNA2-SS, we incorporated data from the bpRNA database. In
detail, we collected the bpRNA sequences that are also annotated in the
Rfam database, allowing for the direct use of established Rfam MSAs.
To reduce redundancy, sequences were filtered at an 80% sequence
identity threshold. The final bpRNA training set consists of 14,648
RNA chains.

Test data preparation

Test sets for RNA 3D structure prediction. We use two test sets, TS28
and CASP15, to benchmark trRosettaRNA2’s performance in RNA 3D
structure prediction. TS28 was constructed by collecting RNA-only
entries in PDB released after January 2022, splitting and reassem-
bling multi-chain entries according to base-pairing, and removing
chains shorter than 20 nucleotides or longer than 400 nucleotides.
Redundant sequences within TS28 were removed at an 80% sequence
identity cut-off. Finally, RNAs showing substantial homology to
either the PDB training set (2022-01 version) or the bpRNA training
set were excluded based on BLASTN? (version 2.7.1; E-value <10) and
CD-HIT-EST (sequence identity >80%), yielding a final dataset of 28
RNAs. The CASP15 set comprised ten RNAs from CASP15 experiments,
excluding R1189 and R1190 owing to their complicated protein inter-
actions. Amongthese ten RNAs, six were naturally occurring and four
were synthetic.

Test sets for RNA SS prediction. We evaluated trRNA2-SS using two
test sets: Archivell’® and PDB2D. The Archivell dataset®®, a standard
benchmark, was strictly filtered to exclude RNAs homologous to our

training data (BLASTN £-value <10 or CD-HIT-EST identity >80%), yield-
ing 54 RNAs. We further removed sequences containing ambiguous
bases (‘N’) or exceeding 600 nucleotides in length, resulting in a final
set of 50 RNAs. Notably, these constraints regarding ambiguous bases
and sequence length were imposed solely owing to the limitations of
compared methods (for example, UFold), rather than trRNA2-SSiitself.
Indeed, trRNA2-SS maintains SOTA performance on CASP16 targets
exceeding 600 nucleotides (Supplementary Table 15).

Nevertheless, the dataset Archivell has limitations: its structures
are derived from comparative sequence analysis rather than experi-
mental determination; and potential overlap with the training sets
of other methods may compromise the reliability of the benchmark.
To complement this, we constructed the PDB2D set, comprising 19
RNAs from the TS28 dataset (excluding sequences with undefined ‘N’
bases). These structures were experimentally validated (PDB-derived)
and were released after January 2022, later than the training cut-offs
of all compared methods, thereby ensuring a strict temporal split to
prevent dataleakage.

For enhanced clarity, a comprehensive summary of all datasets
utilized in this study is provided in Supplementary Table 16.

Training procedure

Pre-training of SS prior module. The SS prior module (that is,
trRNA2-SS) was pre-trained in a transfer learning manner: initial pre-
training on the bpRNA dataset followed by fine-tuning on the PDB
dataset. This strategy is motivated by two factors. First, the vast
scale of the bpRNA dataset (>100,000 entries) compensates for the
limited number of RNA 3D structures in PDB (9,000 entries), pro-
viding a solid foundation for supervised pre-training. Second, while
extensive, bpRNA relies partially on predicted labels and overlooks
higher-order base pairs (base multiplets) that are critical for stabiliz-
ing 3D structure. Therefore, fine-tuning on PDB-derived datais indis-
pensabletolearnthe higher-orderinteractioninformation preserved
in these experimentally determined structures. Ablation studies in
Supplementary Table 4 confirmthat both stages of this training process
are effective in boosting performance.

For the bpRNA samples, the training labels are the base pairs
extracted from the dot-bracket notations given by the bpRNA data-
base. For the PDB samples, the labels are the base pairs extracted
from the PDB files using DSSR*. The loss function is defined as the
cross-entropy between the predicted base-pairing probability and
the one-hot encoding of true labels. The training was conducted on
an A100 40GB GPU, using an Adam optimizer with a learning rate of
0.0002. We trained three models with identical configurations. The
final trRNA2-SS predictionis the ensemble (average) of the predictions
from these three models.

Training of trRosettaRNA2. The training of trRosettaRNA2 consists
of three stages (Supplementary Table 14). In the first stage, trRoset-
taRNA2is primarily trained to produce structures with high accuracy.
The loss items include the frame-aligned-position-error (FAPE) loss
Lrape, the 2D geometries (0SS Lgeoop, the torsion [0Ss Liorsion, the pre-
dictedlocal distance difference test (pLDDT) loss £, ppr, and an extra
loss item £gp to optimize the inter-atom distances of the predicted
structure according to the native base-pairing information. Specifi-
cally, for each native base pair, £gp forces all the inter-atom distances
between this pair of nucleotidesin the predicted structure to fall within
the range of [1.5 A, d + 3 A], where d is the corresponding inter-atom
distancein the experimental structure. Intotal, theloss function used
inthe first stage can be written as:

Linit = Lrape + 0.5Lge02p + Liorsion + 0.05L 5 ppr + 0.05Lp 4)

The second stage is the violation fine-tuning, which fine-tunes the
model to improve the physicochemical plausibility of predicted
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structures. Specifically, this stage introduces two new loss items. The
firstitem, £, enforces the O3’-P bond length and P-P distance, as
well as the 03’-P-05’ angle between neighbouring residues, to be
withinideal ranges, which were statistically derived from the RNAs in
thetraining set. The second is the clashloss £,n, Which penalizes steric
clashes in the predicted structures. In detail, £, penalizes the
inter-atom distances shorter than min(d - 0.1A, 2 A), where d is the
corresponding distance in the experimental structure. Furthermore,
theweightsfor £, pprand Lgpareincreased to 0.1and 0.5in thisstage,
respectively.Intotal, theloss function usedin the second stage canbe
written as:

Lyiort = Lrape + O-SLgeOZD + Liorsion )
+0-chLDDT + 0~5‘CBP + 0-?’Lbond + Lelash

For the first two stages, the training RNAs are clustered based
on their sequence identities. During each training epoch, we iterate
through all the clusters, sampling one RNA from the current cluster
ateachstep.

Thethird stage, termed resampled fine-tuning, further fine-tunes
the model to improve performance on challenging targets. This is
achieved by using a dynamic training sampler that increases the sam-
pling weights for targets exhibiting low IDDT scores. Specifically, each
training epochinvolves sampling 8,000 training examples, where the
sampling weight for each RNA is defined as the reciprocal of its IDDT
valueinthe previous epoch. The loss function of this stage is the same
asthe second stage, thatis

Lreset = Lrape + O~SLge02D + Liorsion ©)

+0-chLDDT + O-SLBP + 0-3Lbond + Lclash

A detailed description of the specific loss terms is provided in
Supplementary Methods 3. To address GPU memory limitations and
augment the training sample, we perform random subsampling dur-
ing training. Specifically, for targets longer than the maximum crop
size (256 or 384), a subsequence is randomly cropped for training. In
addition, the MSA is randomly subsampled to a depth of fewer than
200 sequences per target. These strategies ensure that the same RNA
ispresented as distinct training samples across different epochs. More
training details, including learning rates, crop size and training times,
areshownin Supplementary Table 14.

Blind tests in CASP16

We participatedinthe CASP16 RNA structure prediction experimentvia
two automated server groups: Yang-Server (TS052) and Yang-Multimer
(TS456). Yang-Multimer was configured to perform a direct blind
benchmark against other SOTA methods (using standard inputs),
whereas Yang-Server was optimized to achieve maximal performance
by systematically exploring diverse SSinputs.

Yang-Server submission. We prepared multiple input SSs for each
target during CASP16. These SSs included predictions from various
algorithms (trRNA2-SS, SPOT-RNA and EternaFold) as well as those
derived from available templates (detected by RNAthreader®® and
R2DT®). In addition, we trained a variant of trRosettaRNA2 that does
notusetheSS prior module, providing an SS-free prediction. For several
targets (R1221s2, R1224s2, R1281, R1289, R1291) with identifiable 3D
templates (using RNAthreader), we also performed template-based
modelling to expand the decoy set. Finally, for each target, we used an
in-house RNA quality assessment method® to select the top-five mod-
elsfromthe decoy set for submission as Yang-Server. Considering that
trRosettaRNA2 was trained with a maximum crop size of 384 nucleo-
tides owing to the limited computational resources, its applicability
tolarger RNAs (>400 nucleotides) may be hindered. Therefore, for the
large RNA targets without available templatesin CASP16 (R1241, R1248,

R1250-R1254, R1283, R1285, R1286, R1290), we chose to submit the
AlphaFold 3 predictions, asits training utilized alarger crop size of 768.

Yang-Multimer submission. To conduct a more direct blind bench-
mark test of trRosettaRNA2, we simultaneously submitted multiple
predictions through another server group, Yang-Multimer (TS456).
Specifically, we submitted the predictions from trRosettaRNA2, trRo-
settaRNA, RoseTTAFoldNA, DeepFoldRNA and RhoFold as models1-5,
respectively, within the Yang-Multimer group. All five methods used
the same inputs (MSA and/or SS).

Experiment set-up

RNA 3D structure prediction. We benchmark trRosettaRNA2 against
its predecessor, trRosettaRNA, and other representative deep learning
methods: AlphaFold 3,RhoFold+, DeepFoldRNA and RoseTTAFoldNA.
All methods utilize identical MSAs as input. For methods using SS
input (trRosettaRNA2, trRosettaRNA and DeepFoldRNA), the spe-
cific SS sources are detailed in Table 1 and Fig. 2a. AlphaFold 3 was
run using its standalone package with five seeds (0-4), generating
5 models per seed. The final AlphaFold 3 prediction was selected as
the model with the highest ranking score (predicted template mod-
eling score, or pTM) among the 25 generated structures. Owing to
observed relaxationissues with RhoFold+for several long RNAs (listed
in Supplementary Table 17), unrelaxed predictions were evaluated in
thoseinstances for RhoFold+. All other methods were executed using
their publicly available standalone packages with default settings.
The 3D structures are presented using PyMOL (version 2.5.2).

RNA SS prediction. To assess the performance of RNA SS predic-
tion, we benchmark trRNA2-SS against a diverse set of representative
methods. This setincluded traditional energy- and/or evolution-based
approaches (EternaFold, RNAfold, RNAstructure, PETfold) as well as
advanced deep learning-based methods (RNA-FM, RNA-MSM, UFold,
MXfold2, SPOT-RNA, SPOT-RNA2, KnotFold, BPfold). For methods that
utilize MSAs as input (trRNA2-SS, PETfold, SPOT-RNA2 and RNA-MSM),
we ensure consistency by providing them with the same MSA inputs.
For deep learning-based methods that use transfer learning, that is,
those pre-trained on SS datasets and fine-tuned on PDB data (including
SPOT-RNA, SPOT-RNA2 and UFold), we evaluate their PDB-fine-tuned
versions. The SSs are visualized using forna® (version 1.0).

Evaluation. To comprehensively assess the performance of trRo-
settaRNA2, we evaluated its predicted 3D structures using multiple
metrics. Among them, RMSD and TM-score®*“* focus on the global
topology; the IDDT®* to assess local deviations; and INF®’ to measure the
accuracy of base-pairing interactions. Unless otherwise specified, the
RMSD (based on allatoms) and INF are calculated using the RNA_assess-
ment toolkit®; TM-score is calculated using the RNAalign program®’;
IDDT is calculated using the following equation:

ippT = L : EfiD,-,-<3OI<|dij —-Dyl < s)

4L @

£€{1,2,4,6} i=1 2. D,-/<301

where L is the sequence length; d; and D; are the C1’ distances
between the ith andjth residues in the predicted and experimental
structures, respectively; and /is the indicator function. To accom-
modate the typically larger scale of RNA inter-residue distances
compared with proteins, we modified the standard IDDT calcula-
tion in two aspects. First, the local neighbourhood radius used for
comparisons increased from15 A to 30 A. Second, the set of distance
error thresholds was changed from {0.5A,14,2A,4 A} to {1A,2A,
4 A, 6 A}. Compared with the original formulation, this modified IDDT
exhibits a stronger correlation with RMSD (PCC, -0.55 versus —0.77;
Supplementary Fig.17).
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For the evaluation of SS prediction, we primarily use the areaunder
the precision-recall curve, which can provide a direct evaluation of
the raw output (that is, the base-pairing probabilities) generated by
various methods.

Application of trRNA2-SS to RNAcentral sequences. We apply
trRNA2-SS to perform high-throughput SS predictions for RNAcentral
sequences that lack known SSs. Specifically, we downloaded a list of
RNAcentral entries meeting the following criteria: available genomic
mapping, no known SS, and sequence length between 20 and 300
nucleotides. Using thislist, we collected the corresponding sequences
fromourlocalized RNAcentral database, yielding 588,227 sequences.
Redundant sequences were then removed using the CD-HIT-EST pro-
gramwith asequenceidentity cut-off of 80%. The sequences with asub-
stantial similarity to training sets (BLASTN £-value <10 or CD-HIT-EST
sequence identity >80%) were also removed. The final set contains
92,370 non-redundant RNA sequences without known SSs. We then
used trRNA2-SS to predict the SSs for these sequences. Binary base
pairs were derived from the predicted probabilities using a simple
cut-off of 0.5.

To facilitate the evaluation of the SS predicted by trRNA2-SS for
these RNAcentral sequences, we trained a confidence score (C-Score,)
on 1,000 RNAs randomly sampled from the training set. This score
correlates well with the actual F1-score on the test sets (PCC = 0.83;
Supplementary Fig. 18). Specifically, C-Score, can be written as:

C-Scoregs = 0.271prob; + 0.906prob_, , + 0.01std,o, —0.22  (8)

top

where prob,,, is the average probability of the top L/10 predicted base
pairs (L is sequence length) that have a sequence separation greater
than12; prob.,,isthe average probability of the pairs with probabilities
>0.2; std.,, is the average standard deviation of the probabilities pre-
dicted by the 3 individual trRNA2-SS models, calculated only for those
base pairs where the final predicted probability is greater than 0.2.

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

Data availability

All the benchmark datasets (Archivell, PDB2D, TS28, CASP15, and
CASP16) are available at https://yanglab.qd.sdu.edu.cn/trRosettaRNA/
benchmark/.

Code availability

The web server is available at https://yanglab.qd.sdu.edu.cn/trRo-
settaRNA/. The source code is available via GitHub at https://github.
com/YangLab-SDU/trRosettaRNA2/ and via Zenodo at https://doi.
org/10.5281/zenodo.18873019 (ref. 69).
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