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ABSTRACT

Accurate RNA 3D structure prediction remains a bottleneck in compu-
tational biology. Although protein structures can now be predicted with
near-experimental fidelity, RNA 3D prediction still lags behind. One rea-
son is that state-of-the-art tools such as AlphaFold 3 require deep multiple
sequence alignments (MSAs) that are considerably more difficult to obtain
for RNA than for proteins. Here, we remove this bottleneck by synthesiz-
ing homologous RNAs. Starting from a single RNA sequence, our novel
deep learning model RNAformer predicts secondary structure with high fi-
delity, which we use to generate structurally consistent synthetic homologs
through lightweight, evolution-inspired mutation rules. This process pro-
duces deep, MSA-like sequence ensembles in seconds, without reliance on
natural sequence databases while bypassing alignment steps. When sup-
plied to AlphaFold 3, synthetic homologs substantially improve local RNA
structural accuracy and rescue predictions for orphan RNAs where no natu-
ral alignment exists. Secondary structure-driven synthetic evolution, there-
fore, unlocks deep alignment benefits for RNA 3D structure prediction.

1 INTRODUCTION

RNA molecules play central roles in gene regulation, epigenetics, and cellular control, with
function tightly linked to three-dimensional (3D) structure (Morris & Mattick} 2014; |[Statello
et al.,|2021; Mangiavacchi et al.|2023;|Oksuz et al.,[2023)). Despite major advances in protein
structure prediction (Jumper et al., 2021)), accurate RNA 3D modeling remains challenging,
particularly for orphan RNAs that lack detectable homologs (Schneider et al., 2023} Das
et al.,|2023; | Bernard et al.| [2024; Kwon, 2025)). A primary reason is the dependence of mod-
ern predictors on deep multiple sequence alignments (MSAs), which are often unavailable or
shallow for RNA (Schneider et al., [2023; [Szikszai et al., 2025). Covariation signals extracted
from MSAs encode conserved structural constraints and are a cornerstone of state-of-the-art
3D structure prediction. However, RNA homologs are sparse, biased, and slow to retrieve,
leaving most RNAs without reliable alignment-derived signal (Schneider et al., 2023} [Szik-
szai et all [2025)). This limitation persists even as structure prediction models themselves
continue to improve, making the availability of MSAs a fundamental bottleneck rather than
a modeling issue.

Here, we propose a conceptual inversion of the traditional sequence-to-structure pipeline.
Instead of inferring structure from evolutionary covariation, we generate evolutionarily plau-
sible sequence variation directly from structural constraints. RNA folding provides a natural
basis for this inversion: secondary structure forms early (Tinoco Jr & Bustamante] [1999),
is strongly conserved, and tightly constrains allowable sequence evolution. Therefore, we
developed a fast and accurate deep learning model to predict secondary structure with high
fidelity, the RNAformer. Treating predicted secondary structure as a prior on mutation,
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Figure 1: Comparison of natural and synthetic homology pipelines for RN A struc-
ture prediction. AlphaFold-3-like pipeline (top) using a (degenerate) profile to search a
large genetic sequence database and subsequent expensive HMM-based pairwise alignments.
The resulting multiple sequence alignment (MSA) of natural homologs is often shallow. Our
synthetic homologous sequence (SHS) pipeline (bottom) replaces database search with fast,
structure-guided synthetic evolution. Starting from a predicted RNA secondary structure,
SHS generates alignment-like ensembles of synthetic homologs of arbitrary depth within
seconds, requires no natural sequences, and entirely bypasses pairwise alignment, leading to
improved local structural accuracy in downstream prediction. Prediction: 3FOA4.

insertion, and deletion, we can synthesize covariation patterns consistent with RNA folding
physics. Building on this idea, we introduce secondary structure-guided synthetic homolo-
gous sequences (SHS; see Figure , a fast and scalable protocol that inflates a single RNA
sequence into deep, MSA-like sequence ensembles without querying natural databases or
performing alignment. SHS applies structure-preserving mutations at paired positions while
allowing greater flexibility in unpaired regions, reflecting established evolutionary patterns
in natural RNAs. The resulting synthetic ensembles encode realistic covariation signals and
can be generated in seconds for arbitrary RNA sequences.

We demonstrate that SHS provides a drop-in replacement for natural MSAs in downstream
structure prediction. When supplied to AlphaFold 3 (AF3) (Abramson et al.| 2024)), syn-
thetic homologs substantially improve RNA 3D local accuracy and consistently rescue pre-
dictions for orphan RNAs. These gains are achieved without modifying the predictor itself,
highlighting that AlphaFold 3’s RNA structure prediction remains strongly dependent on
secondary structure topology and the covariation it induces. Our results establish secondary
structure-driven synthetic evolution as a conceptually distinct alternative to natural MSAs.

We summarize our main contributions as follows:
e We introduce synthetic homologous sequences (SHS), a fast and scalable alternative to
natural MSAs that requires neither database search nor sequence alignment (Section.
e We demonstrate that SHS substantially improves AlphaFold 3 RNA 3D local accuracy
across a broad benchmark, including RNA-protein complexes (Section [3.1)).
e We show that SHS consistently rescues RNA structure prediction in cases where no
natural homologs are available (Section [3.2)).
e We provide evidence that AlphaFold 3 predictions remain strongly dependent on sec-
ondary structure topology and the covariation signals it induces (Section |3.3)).
e We validate that SHS introduces biologically meaningful covariation patterns using
independent case studies with thermodynamics-based models (Section [3.4)).
We discuss related work in Appendix [A] and limitations in Appendix
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Figure 2: Synthetic homologs improve local structural accuracy a, Comparison of
AF3 with and without RNAformer-guided SHS across all RNAs and subsets with/without
natural MSAs. SHS consistently achieves higher mean LDDT values compared to vanila
AF3. b, Example 3D predictions with improved local RNA structure via RNAformer-guided
SHS for complexes with two RNA chains (2PLY; orphan) and one RNA chain (2HVY; non-
orphan). Error bars show the s.e.m.

2 Secondary Structure Based Synthetic Evolution

We aim at generating synthetic homologous sequences (SHS) by in ating a single RNA input
sequence into a set of synthetic homologs for downstream structural modeling. Building on
the observation that covariation in natural MSAs concentrates in paired positions whereas
unpaired regions mutate more freely (Holmes, 2004), we leverage predicted nucleotide inter-
actions to partition an input RNA sequence into paired and unpaired regions. To do so, our
novel SHS pipeline requires two ingredients: High- delity predictions of nucleotide interac-
tions, and fast and controllable sequence generation to support subsequent predictions.

2.1 Accurate Nucleotide Interaction Prediction

We develop RNAformer, a secondary structure predictor based on axial-attention (Ho et al.,
2019) trained on carefully created non-homologous data splits (see Appendix C and D for
details of the data pipeline and architecture), and ne-tune two versions using experimen-
tally validated data from the Protein Data Bank (PDB) (Burley et al., 2023): One ver-
sion for benchmarking against eleven state-of-the-art secondary structure predictors (see
Appendix F.1), and one version to compare against secondary structures obtained from
AlphaFold 3 using DSSR (Lu et al., 2015), when training with the same cuto -date as
AlphaFold 3. On a commonly used secondary structure prediction benchmark (originally
provided by Singh et al. (2021); see Appendix C), we nd that in both settings, RNAformer
clearly achieves the best performance (see Table 7).

2.2 Fast Secondary Structure-Guided Homolog-Like Ensemble Generation
To obtain alignment-like information for downstream RNA predictions, particularly in cases

where natural MSAs are shallow or absent, we generate synthetic homologous sequences
(SHS) directly from predicted nucleotide interaction maps (see Figure 1): Given an input

tions positions into paired and unpaired sites, we apply a single-pass stochastic mutation
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Table 1: RNAformer-guided synthetic homologs improve 3D predictions for or-

phan RNAs. We present mean results with standard deviation on single-chain RNA struc-
ture prediction without available natural homologs (left) and with existing MSA (right).
RNAformer generated SHS clearly improves the predictions for RNA structures without
available natural homologs. Blue, best performance; gray, equal best performance.

Single-chain RNA w/o Homologs (n=20) | Single-chain RNA w/ Homologs (n=71)
RMSD (#) LDDT (") T™M (") | RMSD (¥ LDDT (") ™ (")

AlphaFold 3 (MSA Search) 4.723 5549 0.755 0:219 0.480 0:250| 3.177 4:376 0.825 0:122 0.723 0:227
AlphaFold 3 (SHS; ours) 4593 5518 0.770 0:217 0.480 0:227 | 4.203 5:475 0.779 0:114 0.647 0:206

Model

protocol that treats these two classes di erently. Unpaired nucleotides are subject to local
substitutions, insertions, and deletions that introduce loop variability, whereas paired nu-
cleotides are mutated in a coordinated, structure-preserving manner: with high probability
the original base pair is retained, and otherwise it is replaced by a compensatory pair drawn
from a curated mutation dictionary. Insertions and deletions are length-limited and scale
with |, allowing us to model realistic loop exibility without destabilizing the global pairing
topology. For an input RNA chain, we generate an ensembles = £s©;:::;s(N Dg with
s@ equal to the original sequence and(") for r > 0 obtained by one stochastic mutation
sweep. Using these simple, evolution-inspired rules, our approach yields thousands of diverse
homolog-like sequences within seconds. Their covariance patterns resemble those of natural
MSAs: paired columns show concentrated compensatory variation, whereas loops exhibit
high entropy and length heterogeneity (See Figure 5). For details on SHS, the mutation
parameters, and their optimization, we refer to Appendix E.

3 Experiments

We evaluate SHS for downstream RNA structure prediction using AlphaFold 3 (AF3) on a
benchmark of 479 RNA-containing PDB samples (maximum length 200 nt), comprising 91
single-chain RNAs and 388 RNA-protein complexes (Appendix C). For each RNA chain, we
generate an SHS ensemble dff = 100 homologs (Figure 6 and Appendix E) and insert it
into the AF3 input by replacing only the corresponding RNA unpairedMsa eld, leaving all
other inputs unchanged. Performance is assessed using LDDT (Local Distance Di erence
Test), TM Score (Template Modeling Score), and RMSD (Root-Mean-Square Deviation)
(Appendix F), with SHS seeded by RNAformer trained on the same cuto date as AF3
unless stated otherwise; additional results are reported in Appendix J.

3.1 Synthetic Homologs Improve RNA 3D Local Accuracy

As shown in Figure 2a, SHS markedly increase AF3's local RNA accuracy across the full
benchmark, improving mean complex LDDT from 0:652 0:306 with AF3 to 0:831 0:129
when natural MSAs were replaced with SHS. These local improvements hold robustly across
samples with and without available natural homologs (Figure 2a), are independent of the
complex composition (Figure 2b; Figure 7), and are consistent across RNA length bins,
including the longest RNAs in our dataset, though these are less frequent in the PDB (Szik-
szai et al., 2024) (Figure 8). Thus, improvements re ect enhanced local geometry rather
than sample-specic e ects. Across alternative global metrics, family-level strati cations,
and a post-cuto test set (see Appendix J), SHS largely preserve AF3's global fold accuracy
while primarily improving local geometry, with the largest bene ts observed when natural
homology is sparse. This conrms that RNAformer-guided SHS act as a fast, database-
independent source of evolutionary-like constraints that robustly enhance local RNA struc-
ture prediction without altering overall topology.

3.2 Synthetic Homologs Rescue Predictions for Orphan RNAs

To understand how SHS in uences AF3's prediction quality, we analyze the predictions for
single-chain RNAs without proteins. Shown in Table 1, SHS improves over vanilla AF3 for
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Figure 3: Quality of synthetic homologs is set by the input 2D prediction. ™
Score of AF3 models as a function of the MCC of the 2D prediction used to seed SHS; higher
2D accuracy yields higher 3D accuracy for all three predictors.

orphan samples across performance measures, including equal TM Scores. However, where
natural MSA is available, AF3 leverages the natural covariation signal, outperforming SHS

on single-chain RNAs with natural MSA available, reinforcing that AF3 RNA prediction
quality relies strongly on RNA-derived evolutionary signal even in the absence of protein
context. Our ndings establish SHS as a practical and e ective strategy for enhancing RNA
structure prediction for orphan RNAs, where conventional MSA-based approaches provide
little or no evolutionary signal.

3.3 Synthetic Homolog Quality Depends on the Accuracy of the
Underlying 2D Predictions

The e ectiveness of SHS is governed by the accuracy of the underlying secondary struc-
ture prediction. Repeating the SHS work ow with interaction maps from SPOT-RNA and
RNAfold in place of RNAformer yields progressively lower complex LDDT values across
all benchmarks, consistent with the reduced delity of their 2D inputs (Figure §a). This
dependence is further re ected in a monotonic relationship between 2D prediction accuracy
(MCC) and resulting 3D quality (TM Score; Figure @

Qualitative examples illustrate this e ect: for PDB 1SJ4, SHS derived from RNAformer or
ground-truth secondary structure (via DSSR (Lu et al., [2015)) produce near-native folds,
whereas SPOT-RNA- and RNAfold-based SHS propagate base-pairing errors into AF3 pre-
dictions (Figure [9b). A rescue experiment for PDB 4P8Z further isolates this dependency:
replacing an erroneous RNAformer-derived interaction map with the DSSR-derived ground
truth restores the correct topology and reduces RMSD from 20.16A to 2.33 A (Figure 10),
demonstrating that SHS quality is determined by the 2D interaction pattern alone.

3.4 Synthetic Homologs Yield Coherent Consensus Structures and
Increasing Covariation Signal

To assess the biological plausibility of SHS, we examined whether synthetic ensembles pre-
serve consensus secondary structure while accumulating covariation. For three represen-
tative RNAs (3A3A, 1Q9A, 3GAO), we subsampled N = 20 SHS, aligned them with Lo-
cARNA (Will et al., 2012), and computed consensus structures using RNAalifold (Lorenz
et al.,, 2011). In all cases, RNAalifold recovered the major stem architecture predicted by
RNAformer, with discrepancies largely con ned to non-canonical or tertiary contacts be-
yond the scope of thermodynamic models, while AF3 contact maps closely followed the
same topology (Figure 11). We further quanti ed covariation using R-scape (Rivas et al.,
2017) for 1Q9A, observing signi cant compensatory base pairs already ai = 20, increasing
with ensemble depth (N = 500). Together, consensus folding and emerging covariation pro-
vide independent evidence that SHS encode a coherent and biologically plausible synthetic
mutation landscape.
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4 Conclusion

We show that deep evolutionary signal for RNA 3D prediction can be constructed rather
than mined: accurate secondary structure alone is su cient to synthesize alignment-like
information that modern predictors such as AlphaFold 3 can e ectively exploit. By invert-

ing the classical sequence-to-structure paradigm, SHS remove database dependence, rescue
orphan RNAs, and reveal that secondary structure topology, not natural homology, is the
dominant driver of RNA 3D accuracy. This reframing positions synthetic evolution as a
powerful, scalable representation for RNA structure prediction and a foundation for future
RNA-centric biotechnology.
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A Related Work

Database Mining Typically, MSAs are obtained by mining large genomic databases,
and recent approaches often use rMSA (Zhang et al., 2023) (e.g., RoseTTAFoldNA (Baek
et al., 2024)) or a HMMER-based (Eddy, 2008; 2009; 2011) approach (e.g., AlphaFold 3)
to build MSAs. Although RNA evolution is widely recognized as being structure-driven,
these methods fail to fully incorporate structural features during homology search (Szikszai
et al., 2025). Therefore, the usage of covariance models of RNA families from the RNA
Family Database (Rfam) (Kalvari et al., 2020) was proposed to integrate consensus sec-
ondary structure information (Szikszai et al., 2025). While bene cial for known RNAs, this
approach cannot be applied to one third of known 3D structures, as only 67% of the ;B69
RNA representative chains in the Protein Data Bank (PDB) (Burley et al., 2023) (according
to the 2024-12-04 full release of RNA3DB (Szikszai et al., 2024)) have homology to at least
one Rfam family with a reasonable E-value cuto of le ° (Szikszai et al., 2025). Moreover,
RNA alignments are often shallow, biased (Schneider et al., 2023), and expensive to com-
pute (Kim et al.). The shortage of suitable MSAs is therefore a major barrier to accurate
RNA 3D prediction.

Learning-Based MSA Generators For proteins, Potts models (Figliuzzi et al., 2018;
Russ et al.,, 2020), masked language modeling (Rao et al., 2021), variational autoen-
coders (Riesselman et al., 2018; McGee et al., 2021), and the recent seqs2seqs framework can
create deep MSAs and improve AlphaFold 2's folding accuracy (Zhang et al., 2024a). These
methods, however, depend on large curated training sets that are scarce for RNA and may
not generalize to novel sequence space. Foundation models trained on individual sequences,
such as ESMFold (protein) can predict protein folds without alignments (Lin et al., 2023),

but comparable RNA models have not yet reached the required accuracy (Das et al., 2023,
Chen et al., 2022; Zhang et al., 2024b).

Our SHS pipeline is orthogonal to both approaches as it does not require any databases for
expensive search and alignment steps nor training MSAs while at the same time does not
su er from generalization considerations as it is not based on learning a generative model
but generation is rule-based. This makes SHS a fast and scalable alternative to existing
pipelines.

Synthetic Evolution Existing approaches to generating synthetic multiple sequence
alignments are almost exclusively rooted in phylogenetic sequence simulation. Classi-
cal simulators such as Seqg-Gen (Rambaut & Grass, 1997), ROSE (Stoye et al., 1998),
DAWG (Cartwright, 2005), INDELIible (Fletcher & Yang, 2009), and more recently Al-
iSim (Ly-Trong et al., 2022), model substitutions and indels along explicit evolutionary
trees, often inferring model parameters from empirical MSAs and prioritizing biological re-
alism and scalability for phylogenetic benchmarking. As a result, these methods require
either an input MSA or a phylogenetic tree, incur substantial computational cost at scale,
and are inherently inapplicable to orphan RNAs for which no homologous sequences exist.
Recent analyses further show that even highly sophisticated simulators fail to reproduce
key properties of empirical MSAs, underscoring that generic evolutionary realism does not
necessarily translate into useful downstream signal (Trost et al., 2024). In contrast, SHS
intentionally departs from realistic evolutionary simulation and reframes synthetic evolution
as a representation-generation problem: starting from a single RNA sequence, it directly
synthesizes deep, MSA-like ensembles from explicit structural priors in seconds, including
non-canonical base pairs, pseudoknots, and tertiary constraints. By inverting the tradi-
tional use of MSAs (from inferring structure via covariation to generating covariation from
structure) SHS provides a fast, database-free mechanism to inject structurally meaningful
signal into modern RNA predictors.

To our knowledge, no existing method generates alignment-like RNA sequence ensembles
from a single sequence without large scale database search, alignment, or model training.
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B Limitations

Our study has several limitations. First, our 3D benchmark is restricted to RNAs shorter
than 200 nucleotides. This range re ects the dominant length regime among structured
RNAs in the PDB (Szikszai et al., 2024) and the lengths typically used to evaluate modern
secondary-structure predictors (Singh et al., 2019; Fu et al., 2022). Consistent with this,
RNA structure prediction methods generally achieve their highest measured accuracy within
this regime, both for 2D prediction (Andronescu et al., 2005; Lange et al., 2012; Singh et al.,
2019; Flamm et al., 2021) and for recent 3D modeling approaches (Bernard et al., 2024).
Although RNAformer was initially trained on sequences up to 500 nucleotides and while
highly desirable, systematically evaluating substantially longer RNAs or multi-chain assem-
blies was not computationally feasible: AF3 inference is already resource-intensive (Bernard
et al., 2024), and its MSA search can dominate runtime (up to 94%) and require hundreds of
gigabytes of memory for long RNAs (Kim et al.). Importantly, the SHS framework is agnos-
tic to the choice of 2D predictor and could in principle scale as soon as accurate long-range
2D models become available. Second, SHS quality is tied directly to the delity of the input
interaction map; erroneous contacts propagate into the generated homologs and thus into
AF3 predictions. Third, our mutation model is deliberately simple and does not attempt
to model natural evolutionary processes, compositional biases, or high-order covariation.
Finally, all 3D evaluations were performed with AF3; while the principles should generalize,
empirical validation with alternative RNA-capable engines will be important.

C Data Details

C.1 RNA Secondary Structure Data

For our experiments assessing the performance of RNAformer, we carefully curate RNA
secondary structure training, validation and test sets based on existing publicly available
datasets. Our data pipeline consists of data collection, secondary structure extraction,
homology Itering, and data splitting.

C.1.1 Data Collection

We collect a large training data pool from the following public sources: the bpRNA-1m
meta-database (Danaee et al., 2018), the Archivell (Sloma & Mathews, 2016) and RNAS-
trAlign (Tan et al., 2017) datasets provided by (Chen et al., 2020), all data from RNA-
Strand (Andronescu et al., 2008), as well as all RNA-containing data from the Protein Data
Bank (PDB) (Burley et al., 2023), downloaded on September 23, 2023. After removing re-
dundant sequences, our initial data pool consists of 107 098 samples. We use the commonly
used test sets TS1, TS2, TS3, and TS-Hard, and the sets VLO, VL1, with additional 50
randomly selected PDB samples for validation. All four test sets, as well as VLO and VL1
are originally provided by (Singh et al., 2021). For our evaluations, we gather TS1, TS2,
and TS3 into a single test set, TS-PDB ( = 125) similar to (Fu et al., 2022), and keep the
TS-Hard set (n = 28) separate.

C.1.2 Secondary Structure Extraction

Secondary structures for PDB samples were derived from the 3D structure information using
DSSR (Lu et al., 2015). For NMR-solved structures, model-1 structures were considered
the reference structure.

C.1.3 Three-Stage Homology Filtering

To avoid homology contamination between training, validation, and test data, we applied
the following steps:

1. Sequence-identity ltering (CD-HIT-EST). All datasets were clustered at

80% sequence identity using CD-HIT-EST (Fu et al., 2012) (version 4.8.1). Any
clusters containing test-set members were removed from the training and validation
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pools. This pipeline is commonly used in previous works (Singh et al., 2019; Sato
et al., 2021; Fu et al., 2022; Chen et al., 2022; Franke et al., 2022).

2. Sensitive sequence-based Itering (BLAST-N). For every test sample, we
performed BLAST-N Altschul et al. (1997) (ncbi-blast-2.12.0+) searches against the
remaining training and validation sequences at a permissive E-value cuto of 10. All
hits were removed. This procedure follows SPOT-RNA and SPOT-RNA2 (Singh
et al., 2019; 2021).

3. Structure-aware homology removal (LocARNA-P + Infernal). For each
TS-PDB and TS-Hard sample, we retrieved homologous sequences by BLAST-N
against NCBI's nt database, constructed sequence-structure-based alignments with
LocARNA-P (Will et al., 2012) (version 2.0.0RC10), and built covariance models
(CMs) with Infernal (Nawrocki & Eddy, 2013) (version 1.1.4). Any training or
validation sequence with a CM hit at a high E  0:1 was removed.

A maximum length cuto of 500 nt was applied during training to reduce computational
cost (Singh et al., 2019; Fu et al., 2022).

C.1.4 Data Splitting

According to the strictest data processing protocol used in previous work, we apply steps 1.
and 2. of our three-stage pipeline with respect to TS-PDB, and the full three-stage pipeline
with respect to TS-Hard (Singh et al., 2021). This yields a pre-training set of 66 242 samples,
ensuring that RNAformer is comparable to all other methods after pre-training while further
considering harder similarity criteria than any other competitor regarding TS-Hard samples.

We then create a ne-tuning set of 3432 PDB-derived samples without homology to the train
set by applying the three-stage pipeline between them and the test samples in TS-PDB and
TS-Hard. We denote this set FT-Non-Homolog.

To compare against AlphaFold 3, we create another ne-tuning set, consisting of 4244
samples drawn from all PDB-derived entries in the initial pool, using the same cuto date
for data selection as AlphaFold 3 (September 30, 2021), excluding sequences with an exact
match in TS-PDB or TS-Hard. This set was denoted FT-Cuto . We provide an overview

of the datasets in Table 2.

Table 2: Overview of datasets derived from experimental structures and comparative se-
guence analysis.

Dataset # Samples Length

Minimum Maximum Mean Median
Pre-training 66242 13 500 129.0 99.0
FT-Cuto 4244 4 200 579 47.0
FT-Non-Homolog 3432 11 200 61.7 48.0
Valid (Pre-Training) 1302 33 497 131.0 105.0
Valid (FT-Cuto ) 105 33 189 68.0 58.0
Valid (FT-Non-Homolog) 35 33 159 76.4 64.0
TS-PDB 125 33 189 68.0 61.0
TS-Hard 28 34 189 65.6 50.5

C.2 3D Structure Data

For evaluating 3D accuracy, we downloaded a set of 533 RNA-containing structures (between
8 February and 6 May 2025) with a maximum number of four RNA chains ( Itered for
ve; none of the samples contained ve) and ve protein chains and a maximum RNA
chain length of 200 nucleotides from the PDB (Burley et al., 2023), Itered to a resolution
4:5 A. We sampled a validation set of 50 data points from the subsets of single chain RNAs
and RNA-protein complexes uniformly at random with a focus on single chain RNA data.
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After running AlphaFold 3, we removed 7 samples from the validation set and 4 samples
from the remaining evaluation set due to disconnected chains. We used 36 single-chain
RNAs and 7 RNA-protein complexes for validation during SHS parameter optimization.
The remaining 479 RNA-containing samples were used for evaluation, including 91 single-
chain RNAs and 388 RNA{protein complexes. We further strati ed samples into orphan
and non-orphan categories based on whether AlphaFold 3 identi ed natural RNA homologs
during its database search for any of the RNA chains, and separated structures deposited
before or after the AlphaFold 3/RNAformer training cuto date (30 September 2021).
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Figure 4. RNAformer network architecture and work ow for the generation of

synthetic homologous sequences. a, After embedding the input RNA sequence into

a 2D latent representation, the RNAformer successively re nes this internal representation
in subsequent blocks leveraging axial attention layers to nally predict a full nucleotide
interaction map. b, The synthetic homologous sequences (SHS) generation pipeline uses
RNAformer to predict an interaction map. The interaction information is subsequently used

to inform the generation of SHS.c, For comparison with our novel SHS approach, we show
a (non-iterative) standard pipeline for obtaining MSA using a pro le HMM for database
mining and subsequent sequence alignment as e.g. used in the HMMER-based (Eddy, 2011)
genetic search of AlphaFold 3 (Abramson et al., 2024).d, The generated set of SHS (or
the obtained MSA in the case of vanilla AlphaFold 3 predictions) serves as the interaction
information for 3D Structure prediction of AlphaFold 3.

D RNAformer Details

RNAformer Figure 4 is a deep neural network for RNA secondary structure prediction
that directly models the full nucleotide{nucleotide interaction map, enabling predictions

of all kind of nucleotide interactions including non-canonical-, crossing-, and higher-order
interactions. Inspired by AlphaFold 2 (Jumper et al., 2021), we model an interaction matrix

in the latent space with the usage of axial attention (Ho et al., 2019). However, following
the MSA-free design philosophy of ESMFold (Lin et al., 2023), RNAformer operates entirely
on single sequences and avoids the use of natural MSAs, which are sparse and unreliable for
RNA (Schneider et al., 2023; Szikszai et al., 2025).
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Unlike previous RNA structure predictors (Singh et al., 2019; 2021; Chen et al., 2022; 2020;
Franke et al., 2022; Jung et al., 2022), RNAformer constructs a 2D latent representation
of sizel | by combining independent row and column embeddings of the input sequence
with length |. This representation is processed by a stack of axial-attention blocks (Ho
et al., 2019), which factorize 2D attention into e cient row-wise and column-wise oper-
ations, enabling a full-sequence receptive eld independent of RNA length. A lightweight
convolutional transition module models local RNA motifs such as stems and loops, while the
axial attention captures long-range dependencies important for pseudoknots and tertiary-
like interactions.

After M blocks, a linear projection followed by a sigmoid activation produces a binary
interaction matrix P 2 R' ', wherel is the length of the input RNA sequence, allowing direct

prediction of all canonical, non-canonical, crossing, and higher-order nucleotide interactions
without relying on dot-bracket representations.

D.1 Overiew

RNAformer predicts the full pairwise nucleotide{nucleotide interaction map of an RNA
sequence by operating directly on a 2D latent representation. Given an input sequence
X 2fA, C, G, U, Nd of length |, where N serves as a placeholder for unknown or modi ed
nucleotides, the model embedsX independently along rows and columns to construct a
tensor

LO 2R 4 )
which is processed byM RNAformer blocks, consisting of axial-attention networks followed
by a convolutional transition module. A nal linear projection maps the internal represen-
tation LM) to pairing logits.

D.2 Input Embeddings

The row- (E;on 2 R' 9) and column-wise Eco 2 R 9) embeddingsE,ow 2 R ¢ and
Eco 2 R' 9 are computed as

Erow = Embed o (X); Eco = Embedcq(X); (2

where both embeddings have the latent dimensiord. A 2D latent representation is formed
by broadcasting and summation:

LO = Erow EcTol; 3)

where L@ 2 R' ' 9 js the 2D representation in the d-dimensional latent space, and
denotes the broadcasting and addition operation; i.e.L@[i;j ] = Eiow[i]+ Ecolj]. We use
rotary position embedding instead of positional encoding (Su et al., 2024).

D.3 AxialAttentionNet

Full attention over a | | 2D latent representation would create a 3D attention tensor
which is computationally infeasible. RNAformer, therefore, factorizes attention into in-

dependent row- and column-wise operations (Ho et al., 2019), enabling memory-e cient
multi-dimensional attention. Each of these independent AxialAttentionNet s consists of a
linear layer to generate the query, key, and value as well as an additional linear layer to
project its output. The axial attention mechanism can be represented with indices for rows
i and columnsj for each 2-dimensional input to the attention mechanism (Vaswani et al.,
2017): queryQ2 R' ' 9 keyK 2 R' ! 94 and valueV 2 R' ' 9 for a sequence length of

and a latent dimension ofd. We compute for each columnj =1; I;I

i KT
AxialAttention oy (Q; K;V;]j ) = softmax %9(:1—‘ Vi . 4)
and for each rowi = 1; ;| the respective AxialAttention . (Q; K;V;i). In contrast to

CNN-based architectures where the receptive eld expands over multiple layers, RNAformer
achieves a complete receptive eld by applying attention consecutively along each axis.
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A full RNAformer block applies a row-wise and column-wise axial attention network 'Axi-
alAttentionNet' , followed by a transition network TransitionConvNet' :

L®°= L) + AxialAttentionNet row (L))
LO%= L% AxialAttentionNet o (LMY (5)
L0+ = | 0% TransitionConvNet( L.
We apply residual connections, pre-layer norm, and dropout to all three layers.
The resulting latent representation is then processed by a stack ol RNAformer blocks
L@ = RNAformerBlock( LU D); fori=1;2:::;M: (6)
This allows RNAformer to iteratively re ne the structure prediction in subsequent blocks.

D.4 TransitionConvNet

While the axial attention layers capture long-range information across the entire input
sequence, the transition module in RNAformer is a lightweight convolutional feed-forward
network composed of two 3 3 convolutions with a SiLU activation (Elfwing et al., 2018),
speci cally engineered to capture local RNA motifs (stems, bulges, internal loops) that are
di cult for axial attention to model alone.

D.5 Recycling

Similar to (Jumper et al., 2021), the output is normalized and added to the original latent
representation after each full pass oM RNAformer blocks:

L@  LayerNorm(LM))+ LO: 7

The stack is then re-run. During training, gradients are computed only for the nal recycling
iteration.

D.6 Output Projection

A nal linear layer after the RNAformer stack maps the L(M) latent representation to a
pairing probability matrix of logits, followed by a sigmoid to represent the binary nucleotide
interaction map P 2 R' ! directly:

P = sigmoid(Linear( L M))): (8)

D.7 Sparse Adjacency Loss

RNA adjacency matrices are intrinsically sparse: at mostl=2 interacting pairs exist among
I entries. To compensate for this imbalance, we apply a structured masking strategy:

1. All true interactions and their neighborhoods are kept.

2. A xed proportion of zero entries is unmasked (40% during pre-training, 80% during
ne-tuning).

3. Binary cross-entropy loss is computed only on unmasked entries:
1 X
L= i yij logPj +(1  yj)log(l Py); 9)
(i )2
where is the set of unmasked positions.

D.8 Training Hyperparameters

The full list of hyperparameters for training RNAformer is shown in Supplementary Tables 3
and 4.
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Table 3: RNAformer hyperparameters for pre-training.

Hyperparameter Homology-Aware Base Model Biophysical Model
Model Architecture
Model Dimension 256 256
Number of RNAformer Blocks 6 6
Number of Attention Heads 4 4
ConvNet Dimension 1024 1024
ConvNet Kernel Size 3 3
Embedding Dropout 0.4 0.1
Residual Dropout 0.4 0.1
Layer Normalization Epsilon 1.0e-05 1.0e-05
Initializer Range 0.02 0.02
Maximum Sequence Length 500 200
Minimum Sequence Length 10 10
Optimizer (AdamW)
Learning Rate 0.001 0.001
Weight Decay 0.1 0.1
Beta 1 0.9 0.9
Beta 2 0.98 0.98
Learning Rate Scheduler
Schedule Cosine Cosine
Decay Factor 0.01 0.01
Warmup Steps 1000 2000
Total Training Steps 20000 100000
Training Con guration
Batch Token Size 400 600
Latent Recycling 1 6
Gradient Accumulation Steps 8 0
Number of Devices 4 4
Gradient Clipping Value 1.0 1.0
Number of Nodes 2 2
Precision BF16 Mixed BF16 Mixed
Table 4: RNAformer hyperparameters for ne-tuning.
Hyperparameter Homology-Aware Finetuning AF3-like Finetuning
Batch Size 128 128
E ective Batch Size 4 4
Maximum Sequence Length 200 200
Maximum Training Steps 1200 4000
Warmup Steps 800 2000
Learning Rate 1.0e-06 1.0e-04
Learning Rate Scheduler Constant Constant
Gradient Clipping Value 0.1 0.1
Number of Devices 4 4
Precision BF16 Mixed BF16 Mixed
Cycling 8 8
CPR Initialization Dependent Dependent
CPR Parameter 0.8 0.8
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E Synthetic Homologous Sequence Generation Details

To provide AlphaFold 3 with alignment-like information for RNA, particularly in cases
where natural MSAs are shallow or absent, we generate synthetic homologous sequences
(SHS) directly from predicted nucleotide interaction maps (see Fig. 1).

For the generation process, the exact protocol is as follows.

nucleotide pairing map

fLonlg!tf 1:00lg; (10)
where (i) = j denotes a predicted base pairR®; = 1) and any site without a partner
satises i 2 dom( ). From s we generate an ensemble of siz¢

S=fs@;sW;:::: 6N Dy sO = g (11)
by applying a single stochastic mutation sweep to obtain each replicats") forr =1;:::;N
E.1 Mutation Rules
For each replicater > 0, we initialize s(") s and scan positionsi = 1;:::;1 in sequence

order. Insertions and deletions act on the working copy and shift downstream indices; the
partner index (i) is updated accordingly when necessary.

Unpaired sites (i 2 dom( )). At unpaired positions, we model loop and bulge variability
using a combination of insertions, deletions, and substitutions:

~ Insertions
{ With probability piong_ins, We insert a random nucleotide block of length
k  Uniform 2;bLI"S, c (12)

immediately after position i.
{ Otherwise, with probability pioep _ins, We insert a single random nucleotide.
" Deletions
{ With probability piong _del, We delete a contiguous block of size

k  Uniform 2;bL%! ¢ (13)

starting at position i.
{ Otherwise, with probability piop_del, We delete the nucleotides;.

~ Substitutions  If no insertion or deletion was applied ati, we replace the nucleotide
by a uniformly random draw

si  UniformfA;U; G;Cg: (14)

Paired sites ( i < (i)). For each base pair ({ (i)), we update the pair jointly in a
structure-aware fashion:

" With probability Pstem keep, We retain the original pair (s;;s (i)).
~ Otherwise, we sample a new pair according to a pair-speci ¢ mutation dictionary:
(siss (i)) mutate _pair (si;s (j)); (15)

where with probability pwopne We enforce a GU/UG wobble and, otherwise, draw
uniformly from a prede ned set of compensatory or near-canonical pairs.

The mapping used bymutate _pair is summarized in Table 5. Any pair not listed defaults
to the set of standard Watson{Crick pairs f AU; UA; GC; CGg.
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Table 5: Base-pair mutation mapping used in the SHS generation pipeline. If a
pair is selected for mutation, the new pair is sampled uniformly from the corresponding set.

Original pair  Allowed mutated pairs

Cu GU, AU, CG

CA UA, CG

GA UA, GC, GU

CcC CG, GC

AA AU, UA

uu AU, UA

GG GC, CG, GU, UG
GC AU, CG, GC

CG GC, AU

AU UA, GC

UA AU, CG

GU GC, AU, UG

uG GC, AU, GU
Other AU, UA, GC, CG

E.2 Control parameters
Mutation diversity and indel length are controlled by

N; Ploop _inss Plong _inss Ploop _dels Plong _del; Pwobble ; Pstem keep: ins: del
with maximum insertion and deletion block lengths

i — . del _— .
Llanix = ins L , Lmeax - del L :

We conduct a small grid search over 569 con gurations and a scaling analysis of the SHS
ensemble size (see Supplementary Table 6 and Extended Data Fig. 3). For our hyperpa-
rameter search, we use AlphaFold 3 predictions with RNAformer-SHS inputs and select

con gurations based on validation performance. As shown in Supplementary Table 6, our

search covers only a fraction of the possible hyperparameters space to keep the optimization
computationally feasible. We expect further gains in performance for SHS with evalua-

tions of more con gurations. The scaling experiment was performed on the full benchmark

(n = 479) after selection of an appropriate con guration. The nally selected con guration

for our SHS generation is shown in Supplementary Table 6. This was used as our default
for AlphaFold 3 experiments (unless stated otherwise in the main text).

Table 6: SHS mutation hyperparameters and nal con guration. The values were
chosen based on the hyperparameter optimization and SHS-depth analysis.

Parameter Selected Value Evaluated Parameter Range
Ensemble sizeN 100 f100; 5000, 10 00G 20 000y
Proop _ins 0:2 [02, 08], step 01
Pioop _del 0:8 [0:2; 0:8]; step O:1
plong _ins 01 f 005, Olg
plong _del 005 f 005, Olg
Pwobble 01 f0:1g
pstem _keep 099 f 08, 09, 0999
ins 01 f0:1g
del 01 f0:1g

E.3 Integration into AlphaFold 3

For each RNA-containing complex described, we rst ran the original AlphaFold 3 pipeline,
including database and template searches, to obtain reference JSON input les. For each
RNA chain, we then replaced only the RNA MSA entry ("unpairedMsa" ) with the SHS
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ensemble described above. All other entries, including protein MSAs, protein templates,
seeds, or modi cations, were left unchanged. The modied JSON les were subsequently
passed to the standard AlphaFold 3 inference code, ensuring that di erences in prediction
accuracy arise solely from the substitution of natural RNA MSAs with SHS.
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F Evaluation

F.1 Secondary Structure Prediction

Learning-Based Algorithms We use the following learning-based competitors: MX-
Fold2 (Sato et al., 2021) (version: 0.1.2), SPOT-RNA (Singh et al., 2019) (default param-
eters), UFold (Fu et al., 2022) (default parameters), ContraFold (Do et al., 2006) (version
2.02; command: contrafold predict <fast file> ), RNA-FM (Chen et al., 2022) (de-

fault parameters).

Non-Learning-Based Algorithms We use the following non-learning-based competi-
tors: RNAfold (Lorenz et al., 2011) (version 2.6.3), LinearFold (Huang et al., 2019) (version
1.0; variants -C and -V), ipknot (Sato et al., 2011) (0.0.4), pkiss (Janssen & Giegerich, 2015)
(version 2.2.14), RNAStructure (Reuter & Mathews, 2010) (version 6.3). All evaluations

were performed using RnaBench (Runge et al., 2024).

F.1.1 Secondary Structure Evaluation Measures

For the evaluation of secondary structures of 3D RNA predictions, we extract nucleotide
information directly from the 3D predictions using DSSR (Lu et al., 2015), and use the
commonly used F1-Score and the Matthews Correlation Coe cient (MCC) as previously
proposed (Mathews, 2019). The MCC is based on a confusion matrix, which describes the
number of true positives (TP), true negatives (TN), false positives (FP), and false negatives
(FN) of a given prediction. The MCC is then calculated as follows.

MCC = p (TP TN) (FP EN)
(TP+FP) (TP+FN) (TN+FP) (TN + FN)

(16)

The F1 score describes the harmonic mean of precisioiPR = TPHTP + FP)) and recall
(RC=TPHTP+ FN)writtenas F1=2 TPH2 TP+ FP + FN).

For all RNA secondary structure evaluations, we use our recently proposed benchmark
RnaBench (Runge et al., 2024).

F.2 3D Structure Prediction

F.2.1 AlphaFold 3 Predictions

All AlphaFold 3 predictions were performed on a single NVIDIA A100 GPU (80GB). For
all evaluations, we select model O.

F.2.2 3D Structure Evaluation Measures

For the 3D structural evaluation of RNA and RNA-protein complexes, we used PyMOL (De-
Lano et al., 2002) (version 3.1.0) for structural alignment and coordinate extraction. All
complexes were cleaned by removing solvents, ions, and other non-polymeric components,
and were subsequently separated. The predicted structures of the extracted RNA-protein
and single chain RNAs were then aligned to their corresponding crystallographic reference
structures usingC atoms for proteins (polymer.protein and name CA) and phosphorus (P)
atoms for RNA (polymer.nucleic and name P). The aligned structures were saved in separate
PDB les. These les were then used to calculate both the RNA and RNA-protein complex
RMSD, LDDT and TM values, denoted RNA-X or cX, respectively, where X represents
RMSD, LDDT or TM.

Following structural superposition in PyMOL, RMSD was computed as the Root-Mean-
Square Deviation of aligned backbone atoms providing a direct measure of coordinate accu-
racy in Angstems. In Cartesian coordinates, the RMS distanced;; between predicted and
reference conformations and j of a molecu{/e, respectively, is de ned as:

b fog W
RMSD = ' dj _t 5 D rye, (17)
k=1
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where N is the number of backbone atoms in the sumk is the atom index, and r{’;r{’
are the Cartesian coordinates of atomk in conformationsi and j. The minimum value is

obtained by an optimal superposition of the two structures.

The TM-score, which is based on global superposition and uses backbone coordinates (
atoms for proteins and C3' atoms for nucleic acids), was calculated using the USalign
tool (Zhang et al., 2022) (version 20241108) with RNA-speci ¢ parameters (-mol RNA -
mm 0 -ter 2) for RNA structures and protein-speci ¢ parameters (-mol prot -mm 0 -ter 2)
for protein moieties, providing a normalized, length-independent metric that, unlike RMSD,

is less sensitive to local errors and focuses on the overall topology of the structures (Bernard
et al., 2024). 0 1

Kaii 1
T™ = max @ —22 ; (18)
di
dD(L ref )
where L is the length of the reference structure,Ly; is the number of aligned residues
between the predicted and reference structurest; is the distance between thei-th pair of

aligned residues anddyp(L ¢¢) is a scaling factor to ensure the score of random RNA pairs is
independent of RNA sequence lengthdp(Lef) =0:6 Ly 05 2:5).

In addition, an adapted code snippet from AlphaFold 2 (Jumper et al., 2021) was used for
LDDT calculation, which computes an approximate Local Distance Di erence Test score (Bi-
asini et al., 2013) by comparing inter-atomic distances between predicted and reference
structures using backbone atoms C atoms for proteins and C3' atoms for nucleic acids)
with a 15 A cuto and standard LDDT  thresholds (0.5, 1.0, 2.0, and 4.08) to capture
varying levels of distance accuracy.

pr= 201X jdet ), 19
=< T (] dj i 1) (19)
i=1 ' j2neighbours( i)

where N is the total number of atoms considered,L; is the number of neighboring atoms of
atom i within the distance cuto, d{jef is the distance between atoms and | in the reference
structure, dﬁ-"ed is the distance between atoms and | in the predicted structure, is a step
function that returns 1 if jdie" di‘j’redj , and 0 otherwise.

G Alignments and Thermodynamic Consensus Structures

We use LocARNA-P (mlocarna --probabilistic ) to obtain sequence and structure-based
alignments in Stockholm format from our synthetic homologous sequences. RNAalifold
(version 2.7.0) was run with "-p"-option on these alignments. We show the resulting dot-
plots produced by RNAalifold .ps les directly.

H Structure Visualization

Secondary structure arc-plots were produced using VARNA (Darty et al., 2009) (version
3.93). 3D structures were visualized using PyMOL (version 3.1.0).

| Statistical Analysis

We generally report statistical results in terms of paired Wilcoxon signed-rank test. The
reported signicance levels are p < 0:001, p < 001, and p < 0:05. We use the
web service of R-scape available ahttp://eddylab.org/R-scape/ to analyze LocARNA
alignments of our synthetic homologous sequences.
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Table 7: The mean F1l-score on the base pair prediction of three RNAformer runs with
di erent randomly chosen seeds in comparison to other methods on the TS-PDB and TS-
Hard benchmarks. We observe that the RNAformer outperforms existing methods, despite
having a stricter data pipeline.

Model TS-PDB TS-Hard
RNAformer 0.764 0.679
RNAformer pretrain 0.723 0.601
UFold (Fu et al., 2022) 0.738 0.587
SPOT-RNA (Singh et al., 2019) 0.734 0.663
RNA-FM (Chen et al., 2022) 0.729 0.665
MXFold2 (Sato et al., 2021) 0.691 0.667
ContraFold (Do et al., 2006) 0.669 0.625
RNAFold (Lorenz et al., 2011) 0.659 0.636
LinearFold-V (Huang et al., 2019) 0.657 0.633
IPknot (Sato et al., 2011) 0.652 0.611
RNAstructure (Reuter & Mathews, 2010) 0.642 0.606
LinearFold-C (Huang et al., 2019) 0.632 0.610
PKiss (Janssen & Giegerich, 2015) 0.615 0.613
RNAformer cuto -date 0.855 0.845
Alphafold 3 (Abramson et al., 2024) 0.817 0.688

J Additional Results

J.1 Secondary Structure Prediction Benchmarking
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J.1.1 Synthetic Homologous Sequences

Figure 5: Synthetic homologous sequences reproduce predicted covariation pat-

terns and structured position-wise diversity. a, For three representative RNAs (PDB
Ids: 3A3A, 1Q9A, 3GAO; same as in Fig 11), we compare the RNAformer-predicted contact
maps (top) with mutual information (MI) computed from the SHS (bottom). High-Ml o -
diagonal signal aligns with predicted stems and tertiary contacts. b, Per-position entropy
(top) and nucleotide/gap (bottom row) frequencies (bottom) along the sequence of 3A3A
reveal reduced diversity in paired positions (light blue) and increased variability in loop
regions, indicating that SHS inject structured rather than random noise. Results are shown
for 10000 generated SHS for each RNA.
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Figure 6: Hyperparameter analysis for generation of synthetic homologs. a, Mean
RMSD for 569 con gurations evaluated on the 36 single-chain RNAs of the validation set.
The deletion probability for loop regions and the probability for keeping stem regions un-
changed (left plot) have the largest impact on performance while the length of the insertions
and deletions do not have a strong impact over the selected parameter ranged, Scaling
analysis for the number of synthetic homologs (SHS) generated. We show LDDT and TM
Score results on the test set for the generation of 100, 5000, 10000, and 20000 homologs
using RNAformer for initial structure predictions. SHS with 100 homologs is yields signi -
cantly better results compared to the generation of more homologs on RNA-Protein samples.
For RNA monomers, the di erence is not signi cant. Error bars show the s.e.m. Wilcoxon
signi cance levels: p< 0:001, p< 0:01, and p < 0:05.
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J.2 3D Benchmarking

Figure 7: Synthetic homologous sequences improve local 3D accuracy across dif-
ferent complex compositions. For RNA-protein complexes, RNAformer-seeded SHS
substantially improves local RNA 3D accuracy when supplied to AlphaFold 3 compared to
vanilla AF3 predictions, independent of the number of RNA chains in the complex.

Figure 8: Synthetic homologs improve RNA 3D accuracy across sequence-length
regimes. Mean complex LDDT of AlphaFold 3 predictions using either RNAformer-guided
synthetic homologous sequences (SHS) or natural MSAs, strati ed by RNA length. Across
all length bins (0{20, 20{50, 50{100, 100{150, and> 150 nucleotides), SHS consistently yield
higher local structural accuracy than natural MSA inputs, with the strongest improvements
in the three most populated bins (h = 62, n = 210, and n = 195). For longer RNAs
(100{150 nt and > 150 nt), SHS maintain comparable or improved accuracy despite limited
sample sizestf =9 and n = 3). For multi-chain complexes, we use the length of the longest
chain of the complex. Error bars denote the s.e.m.
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Table 8: Comparison of AlphaFold 3 (AF3) with and without synthetic homologs (SHS;

RNAformer, N = 100) across benchmark splits. Values are mean s.d.; p-values from

Wilcoxon signed-rank tests. Signi cance levels: ns, not signicant; p < 0:05; p < 0:01;
p < 0:001.

LDDT
Subset n AF3  SHS (N =100) p-value Sig.
All 479 0.652 0.306 0.831 0.129 821 10 # *=
All w/o homologs 265 0.675 0.287 0.835 0.123 282 10 11w
All w/ homologs 214 0.623 0.325 0.826 0.135 299 10 7w
Post-2021 (all) 166 0.731 0.187 0.772 0.121 0.253 ns
Post-2021 w/o homologs 115 0.761 0.156 0.787 0.112 0.173 ns
Post-2021 w/ homologs 51 0.665 0.230 0.737 0.135 0.194 ns

TM-score
Subset n AF3  SHS (N =100) p-value  Sig.
All 479 0.793 0.224 0.776 0.225 0.0456 *
All w/o homologs 265 0.803 0.222 0.794 0.223 0.570 ns
All w/ homologs 214 0.781 0.226 0.753 0.226 0.0137 *
Post-2021 (all) 166 0.737 0.240 0.732 0.237 0.782 ns
Post-2021 w/o homologs 115 0.789 0.214 0.793 0.203 0.474 ns
Post-2021 w/ homologs 51 0.618 0.253 0.593 0.250 0432 ns

RMSD ( A)
Subset n AF3  SHS (N =100) p-value Sig.
All 479 12.144 13.744 12.449 13421 0.301 ns
All w/o homologs 265 13.789 13.518 13.813 13.028 0.844 ns
All w/ homologs 214 10.108 13.749 10.760 13.706 0.0146 *
Post-2021 (all) 166 15.038 11.320 15527 11.240 0.370 ns
Post-2021 w/o homologs 115 14.824 10.830 14.480 10.298 0.715 ns
Post-2021 w/ homologs 51 15522 12.341 17.888 12.807 0.139 ns
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Table 9: Family-level comparison of AlphaFold 3 with natural MSAs (MSA) and
RNAformer-guided synthetic homologs (SHS). We report mean per-chain LDDT scores
(MSA mean, SHS mean) and Wilcoxon signed-rankp-values for single-chain RNAs and
RNA-protein complexes, split by subset and RNA-family annotation status. a2021 denotes
data deposited in PDB after the training cuto date of AlphaFold 3 and RNAformer, b2021
denotes data from before the training cuto date that the models might have visited dur-
ing training. Families were annotated by cmscanagainst Rfam using GA cuto s (--rfam
--cut _ga --nohmmonly --oskip --fmt 2  with appropriate clanin and CM les). For
complexes, an RNA family was assigned if any of the RNA chains had a hit with any co-

variance model. Signi cance levels: ns, not signi cant; p < 0:.05; p< 0:01; p< 0:001.
Subset Molecule Family status n MSA mean SHS mean p (Wilcoxon) Sig.
RNA all 91 0.810 0.774 3567 10 9
RNA has fam 58 0.872 0.811 1172 10 1 ==
All RNA no fam 33 0.701 0.708 7272 10' ns
Complex all 388 0.615 0.839 1516 10 10
Complex has fam 106 0.506 0.863 $38 10 10 wxx
Complex no fam 282 0.656 0.831 H15 10 * =+
RNA all 31 0.658 0.657 9763 10! ns
RNA has fam 8 0.752 0.660 4883 10 2 B
a2021 RNA no fam 23 0.625 0.656 1334 10 ' ns
Complex all 135 0.748 0.798 3758 10 ? *
Complex has fam 18 0.796 0.831 80 101 ns
Complex no fam 117 0.741 0.793 11 102 *
RNA all 60 0.888 0.839 9931 10 't e
RNA has fam 50 0.891 0.836 1140 10 °
b2021 RNA no fam 10 0.875 0.853 1311 10 ' ns
Complex all 253 0.544 0.868 1438 10 20
Complex has fam 88 0.446 0.867 D02 10 0w
Complex no fam 165 0.596 0.869 H71 10 12
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Table 10: Per-family counts and complex-level LDDT of AlphaFold 3 with nat-

ural MSAs and RNAformer-based synthetic homologs (SHS) for single-chain

RNAs and RNA-protein complexes. We removed one sample containing two tRNA
chains to show per chain evaluations (cLDDT: MSA, 0.880; SHS, 0.950). \{" denotes un-
de ned standard deviation (n=1) or absence of that family in the corresponding category.
RNAformer-based SHS performance appears more consistent across all families compared
to vanilla AlphaFold 3 using natural MSAs.

RNA Family | n (RNA) MSA SHS || n (complexes) MSA SHS

5S.rRNA 0 { { 1 0.150 { 0.810 {
Archaea_SRP 0 { { 1 0.900 { 0.900 {
Bacteria_small_SRP 1 0.870 { 0.840 { 3 0.283 0.293 0.820 0.171
CPEB3_ribozyme 0 { { 2 0.875 0.092 0.880 0.085
DENV _SLA 0 { { 1 0.750 { 0.750 {
FMN 1 0.880 { 0.850 { 0 { {

HDV _ribozyme 0 { { 11 0.108 0.004 0.977 0.005
LSU_rRNA _archaea 0 { { 2 0.505 0.488 0.875 0.035
LSU_rRNA _bacteria 0 { { 7 0.720 0.414 0.913 0.082
Metazoa SRP 0 { { 1 0.160 { 0.890 {
Purine 23 0.871 0.041 0.794 0.030 0 { {

SAM 13 0.943 0.012 0.913 0.014 1 0.760 { 0.760 {
SAM-I-IV 1 0.850 { 0.720 { 0 { {

SSUrRNA _eukarya 0 { { 1 0.830 { 0.810 {
THF 6 0.893 0.008 0.818 0.004 0 { {

TLS-PK3 1 0.640 { 0590 { 0 { {

TPP 1 0.830 { 0.610 { 1 0.800 { 0.800 {
Xanthine 1 0.720 { 0.710 { 0 { {
c-di-GMP-I-GGC 0 { { 2 0.085 0.007 0.495 0.092
group-11-D1D4-3 1 0.840 { 0.650 { 0 { {

mir-TAR 1 0.730 { 0.750 { 0 { {

nadA 2 0.795 0.007 0.755 0.007 1 0.110 { 0.540 {

raiA 1 0.610 { 0.430 { 0 { {

tRNA 2 0.900 0.014 0.900 0.014 69 0.552 0.336 0.859 0.122
tRNA-Sec 3 0.850 0.044 0.850 0.052 0 { {

tmRNA 0 { { 1 0.150 { 0.850 {

LDDT-Bins Color Scheme

00-02 02-04 04-06 06-08 08-10
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Figure 9: Quality of synthetic homologs is set by the input 2D prediction. a,
Complex LDDT of AF3 models when SHS are generated from RNAformer, SPOT-RNA or
RNAfold contact maps for all RNAs (n = 479), single-chain RNAs (n = 91) and RNA-
protein complexes (n = 388). RNAformer-based SHS give the highest mean ¢cLDDT in
all subsets. b, Example (PDB ID 1SJ4): Nucleotide interactions from PDB or predicted
by RNAformer, SPOT-RNA, or RNAfold (top). 2D interactions (middle) derived from
corresponding 3D structures (bottom) generated by AF3 using SHS informed by ground-
truth 2D (DSSR), RNAformer, SPOT-RNA and RNAfold. True RNA, orange; predicted
RNA, magenta. Error bars show s.e.m.
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