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RNAs represent a class of programmable biomolecules capable of
performing diverse biological functions. Recent studies have developed
accurate RNA three-dimensional structure prediction methods, which may
enable new RNAs to be designed in astructure-guided manner. Here, we
develop astructure-to-sequence deep learning platform for the de novo
generative design of RNA aptamers. We show that our approach can design
RNA aptamers that are predicted to be structurally similar, yet sequence
dissimilar, to known light-up aptamers that fluoresce in the presence

of small molecules. We experimentally validate several generated RNA
aptamers to have fluorescent activity, show that these aptamers can be
optimized for activity in silico, and find that they exhibit a mechanism

of fluorescence similar to that of known light-up aptamers. Our results
demonstrate how structural predictions can guide the targeted and
resource-efficient design of new RNA sequences.

Inadditionto their roles as carriers of transcriptional information, RNAs
performamyriad of biologically relevant functionsincluding catalyzing
biochemical reactions'?, regulating transcription’, signaling* and bind-
ingtoother molecules’. RNA aptamers that bind to target molecules can
inhibitviralreplication®, facilitate biomolecular detection’ " and generate
fluorescence®. Inthese contexts, the three-dimensional (3D) structures of
RNA aptamers play key rolesin their functions®. Deep learning methods
fortheaccurate prediction of protein 3D structure—including AlphaFold
and RoseTTAFold—are now available'"*. However, deep learning meth-
ods for the accurate prediction of RNA 3D structure have only recently
emerged, due to various challenges including the relative scarcity of
RNA 3D structures for training and their conformational flexibility'* ™.

Although the top-performing groups at the previous CASP15 com-
petition for RNA 3D-structure prediction required expert knowledge
and fine-tuning®, several deep learning-based methods for predict-
ing RNA 3D structure from sequence, including RhoFold', trRoset-
taRNA", DeepFoldRNA™ and AlphaFold 3", are now capable of being
fully automated. While diverse approaches to RNA design focusing on
secondary structures, including LEARNA? and RiboLogic*, have been
developed, here we hypothesized that in silico platforms predicting
RNA 3D structure can enable the structure-informed design of novel
RNA aptamers. We tested this hypothesis by developing an approach
for the generative design of RNAs using structural predictions (Fig. 1a).
Given a 3D point cloud of a target structure, we aimed to solve the
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Fig.1| A deep learning approach for the 3D-structure-based generative
design of RNAs. a, Schematic of the approach. RhoDesign is trained on 3D RNA
structures predicted using a sequence-to-structure model (RhoFold), in addition
to available 3D RNA structures from the PDB. RhoDesign solves the problem of
producing RNA sequences whose 3D structures are predicted to approximate an
input structure, and its designed sequences can be synthesized, experimentally
validated and optimized for activity. b, Architecture of RhoDesign. 3D structural
informationis firstencoded by a GVP encoder, and the output is combined

with secondary-structure information and passed into a transformer. The
output of the transformer is supervised using ground-truth sequences during
training, and RhoDesign outputs designed RNA sequences through sampling.

¢, Benchmarking RhoDesign and other models for RNA design. The recovery
rate (which measures the fraction of nucleotides in ground-truth sequences
predicted by the model; higher is better), TM score (which measures the fidelity

@ All components @ 3D information only ~ @ PDB for training only

Predicted structures for training only

ofthe predicted 3D structures of the output sequences, as compared with the
input structure; higher is better), RMSD (lower is better) and perplexity (which
measures how well amodel can predict agiven sequence; lower is better) ona
withheld test set were used. Optimal values of these metrics, corresponding to
those calculated for perfect sequences, are1,0.247,17.45 Aand 1, respectively
(Benchmarking metrics). Models were used out of the box with default
parameters where applicable; for MCTS-RNA, 0.75 and 0.25 GC indicate the
target GC content of the RNA sequence. Perplexity values are provided for
RhoDesign, gRNAde and RDesign, as only these models allow for its calculation.
d-g, Ablation studies. RhoDesign was evaluated on a withheld test set when
trained using acombination of 3D- and secondary-structure information or
3D-structure information only, as well as when trained using 3,435 PDB structures
only or 369,499 RhoFold-predicted structures only.

inverse problem of producing sets of candidate RNA sequences whose
structures are predicted to approximately match the input structure.

Results

A platform for the generative design of RNAs using structural
predictions

Our platform, RhoDesign, builds on the heuristics and structural pre-
dictions developed as part of RhoFold', but is generalizable across
different sequence-to-structure models including trRosettaRNA",
DeepFoldRNA™ and AlphaFold 3". Here, we have focused on using
RhoFold, building on its promising performance when benchmarked
against other sequence-to-structure models'. We first curated a set
0f 369,499 RhoFold-predicted 3D RNA structures representative of
different types of RNA (Supplementary Fig.1), as well as 3,435 3D RNA
structures from the Protein Data Bank (PDB)*, and used these struc-
tures along with their corresponding sequencestotrainadeep learning
model comprising ageometric vector perceptron (GVP) encoder® and
atransformer module??* (Fig. 1b). Predicted or ground-truth second-
ary structures corresponding to the 3D structures were provided as
additionalinputs toimprove accuracy (‘Structure-to-sequence model’).
After model training, we benchmarked the trained model using the

recoveryrate, the TM (template modeling) score, the root-mean-square
deviation (RMSD) and the perplexity (Fig. 1c-g and ‘Benchmarking
metrics’).

When benchmarked on training-testing subsets of our train-
ing set, we found that RhoDesign outperformed alternative models,
including LEARNA”’, Meta-LEARNA®, RiboLogic*, Monte Carlo tree
search (MCTS)-RNA%”, gRNAde*®, RDesign*’ and eM2dRNAs (enhanced
M2dRNAs)*° (Fig. 1c, Supplementary Table 1 and ‘Comparison with
other models’). Because here the TM score and RMSD depend on
RhoFold-predicted 3D structures, these metrics are bounded by imper-
fect values corresponding to fully recovered sequences, and we find
that RhoDesign-generated sequences approach these bounds (Fig. 1c).
Additional analyses demonstrate RhoDesign’s promising performance
in cross-fold validation experiments and suggest that inclusion of
both the RhoFold-predicted and PDB components of the training set,
as well as secondary-structure inputs, are important for improving
performance (Fig. 1d-g and Supplementary Table 1). Benchmarking
RhoDesign models trained on PDB data only, with the GVP encoder,
transformer encoder and transformer decoder modules ablated, indi-
cated that each of these modules contributes to performance (Sup-
plementary Table 2). These findings suggest the ability of the GVP and
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Fig.2 | Experimental validation, optimization and mechanism of
fluorescence of generated light-up RNA aptamers. a, Plot of sequence
similarity against predicted RMSD—used here as a starting point for measuring
structural fidelity that is correlated with TM scores—with respect to PDB 6UPO
for 60 RhoDesign-generated aptamers, 22 RaptGen-generated aptamers and

70 aptamers generated using seven other structure-to-sequence models.
RaptGenis a variational autoencoder developed for SELEX data, which was
trained using sequence information from Mango aptamers alone. For each set
of generated sequences, where applicable, sequences were downsampled to
consider only those with the lowest RhoFold-predicted RMSD with respect to
Mango-Illin 6UPO. Overall, the 70 aptamers generated using other structure-to-
sequence models were the least sequence similar and most structurally divergent
from Mango-IIl. b, Rank-ordered maximal sequence similarity with respect to
any Mango aptamer of 110 RNA aptamers synthesized and tested for TO1-biotin
fluorescence induction. ¢, Fluorescence and sequence similarity of active RNA
aptamers. Fluorescence was measured for each RNA by reacting 25 uM RNA with
10 pM TO1-biotin, and values represent one of two similar biological replicates.
Mango-Ill, as expected from it being a highly optimized variant of Mango-I,
exhibited about four times and about seven times brighter fluorescence than
did aptamer1and Mango-I, respectively. RFU, relative fluorescence units.

Inhibitor concentration (uM)

d, Predicted 3D structure of aptamer 1, aligned to the ground-truth structure
for Mango-Illin PDB 6UPO. pLDDT, predicted local distance difference test.

e, Spectral clustering using the predicted 3D structures of 10,000 RhoDesign-
generated sequences, in addition to the predicted 3D structures of Mango
aptamers. f, Correlation between MPBind score and relative fluorescence
intensity for the 110 designed and tested aptamers shown inb. The Pearson
correlation coefficient, R, is shown. g, Rank-ordered relative fluorescence of the
15active aptamers from the additional 20 RNA aptamers that were synthesized
and tested for TO1-biotin fluorescence induction, along with maximal sequence
similarity with respect to any Mango aptamer and sequence similarity with
respect to aptamer 1. Fluorescence values represent one biological replicate.
Relative fluorescence is with respect to aptamer 1 (dashed line). h, Predicted

3D structures of aptamers 2-4, aligned to the ground-truth structure for
Mango-Illin 6UPO. i, Pharmacologic inhibition of RNA fluorescence using

three small-molecule G-quadruplex binders. Values are normalized by the
fluorescence intensities of each RNA with no inhibitor, except for values for a
random 36-nucleotide RNA, which for comparison are normalized relative to
corresponding Mango-Ill values. Each value represents one biological replicate.
j, Detection of G-quadruplexes in active RNA aptamers using QUMA-1dye. Bars
represent the mean of two biological replicates (black circles).
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transformer architectures to learn better from datasets of size similar
tothose used to train other approaches.

Generation and validation of fluorescent RNA aptamers
Having benchmarked our model, we applied RhoDesign to generate
RNA sequences from structures. We hypothesized that our approach
could generate RNAs that are predicted to be structurally similar, but
sequence dissimilar, toinput RNAs. Given that the structures of RNAs
impinge on their functions, we focused on generating fluorescent
light-up RNA aptamers’, whose binding to small molecules allows for
rapid and quantitative testing of the designed sequences. Fluorogenic
Mango aptamers binding to TO1-biotin, a small molecule, have been
extensively characterized and structurally resolved in complex®"*%,
As a starting point, we considered the Mango-IIl (A10U) aptamer in
PDB 6UPO. This aptamer was discovered using a large-scale microflu-
idic screen of variants of the original Mango aptamer, Mango-I*'. We
retrained RhoDesign on RNA structures to exclude structures with
asequence similarity greater than 0.5 with respect to the Mango-III
aptamer in 6UPO to test the models’ ability to generalize. We then
applied the trained models to generate 60 candidate sequences using
the structure of 6UPO as input, which, consistently, is well predicted
using RhoFold (Fig. 2a and Extended Data Fig. 1). From the generated
sequences, we downsampled candidates according to low predicted
RMSDs and low sequence similarity with respect to the input aptamer.
This resulted in 18 aptamers with predicted RMSDs between 2.9 and
7.5 A, TMscores between 0.21and 0.39 and sequence similarity between
0.43 and 0.65 that we selected for synthesis and empirical evaluation
(Fig. 2b and Supplementary Data 1). For comparison, we also synthe-
sized and evaluated 22 and 70 similarly downsampled aptamers gener-
ated using RaptGen®® and seven other structure-to-sequence models,
respectively.

Upon testing the synthesized aptamers for fluorescence
in the presence of TO1-biotin (10 uM), we found that 4 of the 18
RhoDesign-generated aptamers exhibited activity, defined herein as
exhibiting fluorescence brightness of at least half that of Mango-I—a
lenient criterion, which nevertheless robustly filters outinactive aptam-
ers (Fig.2cand Supplementary Data1). Indeed, random 36-nucleotide
sequences that are similar in length to the active aptamers did not
exhibit any activity. Twenty of the 22 RaptGen-generated aptamers
also exhibited activity, yet all of these had maximal sequence simi-
larities greater than 0.7 with respect to any Mango aptamer, indicat-
ing that these sequences are largely redundant (Fig. 2b). In contrast,
the four active RhoDesign-generated aptamers exhibited a maximal
sequence similarity of 0.59 with respect to any Mango aptamer; of
these, aptamer 1is notable in that it displayed higher fluorescence
than did Mango-I (Fig. 2c). Only four of the 70 aptamers from the seven
other structure-to-sequence models exhibited activity; of these, one
was generated by gRNAde and three were generated by MCTS-RNA.
The latter method yields a working hit rate of 30%, which is slightly
higher than the working hit rate from RhoDesign (22%). However,
none of the four active aptamers generated by these other methods
displayed substantially stronger fluorescence than did aptamer1, and
RhoDesign exhibited approximately twofold higher recovery rates than
did MCTS-RNAin our benchmarks (Fig. 2b and Supplementary Data1).
Despite its predicted structural similarity to Mango-IIl, aptamer 1did
not contain conserved sequence motifs that are known to underlie
the fluorescence activity of Mango aptamers, suggesting that it might
be an unprecedented aptamer with Mango-like activity (Fig. 2d and
Extended Data Fig. 1).

Optimization and mechanism of generated aptamers

Toinvestigate aptamer 1further, we aimed to model and optimize its
fluorescence activity. To study whether the predicted 3D structure
of aptamer 1 might provide insight into its function, we performed
spectral clustering on the basis of 3D-aligned predicted structures

(Fig.2e). Thisrevealed that, in contrast to other generated sequences
based on Mango-land Mango-Ill, aptamer 1 clustered more similarly
to Mango-lll than did Mango-I, suggesting that it was sampling a struc-
tural space associated with high fluorescence, and that 3D structural
features conserved with Mango-III’'s may underlie its activity. Test-
ing several approaches (‘Binding predictions’), we found that using
MPBind**, a motif- and sequence-based statistical framework origi-
nally developed to process systematic evolution of ligands by expo-
nential enrichment (SELEX) data, to score the 110 aptamers resulted
inanencouraging correlation (Pearson’s R = 0.428) with fluorescence
activity (Fig. 2f).

Building ontheseresults, we generated a set of aptamer 1deriva-
tives by providing the RhoFold-predicted structure of aptamer1as
input to RhoDesign. We sampled 5,000 RNA sequences predicted
to lie in a structural cluster surrounding aptamer 1, filtered the
sequences to ensure that they exhibited greater sequence similarity
with respect to aptamer 1than any Mango aptamer, and removed low
(<0.4) MPBind-scoring sequences, resulting in1,818 candidate aptam-
ers. We then downsampled candidates on the basis of sequence by
performing ¢-distributed stochastic neighbor embedding on one-hot
encodings and selected the highest MPBind-scoring sequencein each
t-distributed stochastic neighbor embedding cluster, resulting in 20
RNA aptamers. Synthesizing and testing these aptamers, we found
that15ofthe 20 aptamers were active, and 9 of the 15active aptamers
exhibited higher activity than did aptamer 1 (Fig.2g). All active aptam-
ers exhibited low maximal sequence similarities (<0.6) with respect to
any Mango aptamer and high sequence similarities (>0.6) withrespect
toaptamer1(Fig.2g). We shortlisted the top three aptamers, aptamers
2-4, for further study.

Aptamers 2-4 exhibited fluorescenceintensities greater than that
of aptamer 1. Their predicted 3D structures, although more structur-
ally dissimilar to Mango-Ill than aptamer 1's, differed only marginally
(Fig.2hand Extended Data Fig. 2), suggesting that they may fluoresce, in
part, through amechanism similar to that of Mango aptamers. Indeed,
G-quadruplexes—tertiary structures formed through self-recognition
of guanines—have been demonstrated to bind TO1 derivatives and
other fluorescence-generating small molecules®?°. To study this
potential mechanism further, we performed experiments relying on
pharmacologic inhibition of aptamers 1-4 as well as direct detection
of G-quadruplexes using a fluorescent dye (Fig. 2i,j). Administration
of three different G-quadruplex-selective small-molecule binders,
TMPyP4, pyridostatin and carboxypyridostatin®*°, largely resulted
incompetitive inhibition of TO1-biotin fluorescencein aptamers 1-4
as well as Mango-lIll (Fig. 2i). Reacting QUMA-1, a fluorescent probe
specific to G-quadruplexes*®, with aptamers 1-4 as well as Mango-III
resulted in substantial increases in QUMA-1 fluorescence (Fig. 2j),
consistent with the potential presence of G-quadruplexes in these
aptamers. Together, these resultsindicate that aptamers1-4, and likely
other generated aptamers, exhibit amechanism of fluorescence similar
to that of Mango-Ill despite their sequence dissimilarity, consistent
with the notion that our approach leverages structural predictions to
design new RNA sequences.

Discussion

Our work provides aninsilico platform for the de novo design of RNA
sequences that leverages structural predictions and is resource effi-
cient (requiring the synthesis of a limited number of RNAs), which
contrasts with traditional time- and resource-intensive approaches
such as SELEX". Other platforms, including gRNAde and MCTS-RNA,
can contribute tothe structure-guided design of active RNA aptamers,
and we anticipate that integrating these methods with RhoDesign can
further improve the accuracy of RNA design. Given the limitations of
the current benchmarking, RhoDesign will also benefit from further
validation using more reliable RNA 3D-structure prediction methods
and additional experiment tests with diverse RNAs in the future.
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Nevertheless, our study suggests a framework for the structure-
informed design of additional aptamers, including therapeutic
candidates™® and diagnostic aptamers’™". Further work, for instance
in characterizing and making available more RNA 3D structures, will
improve this type of approach and extend its use to designing other
types of RNA with diverse functions.

Methods

Structure-to-sequence model

RhoDesign employs a GVP module to encode tertiary structures,
learning vector-valued functions from backbone coordinates and
scalar-valued functions from calculated dihedral angles, which capture
geometric information®. As secondary-structure constraints may
provide usefulinformation, RhoDesign concatenates the output of the
GVP encoder with the contact map derived from secondary-structure
information, which for PDB structures was produced using DSSR** with
default settings, and for RhoFold-predicted structures was produced
using RhoFold (as detailed further below). Together, these compo-
nents capture local and global structural features. RhoDesign then
employs a transformer architecture®, which may capture long-range
dependences and relationships within encoded structures, to generate
sequences. To address the challenge posed by limited RNA structure
data, we employed RhoFold™ to predict 3D structures for 369,499
RNAcentral sequences* and used these structures to augment the
training of RhoDesign (as detailed further below).

After RhoDesign was trained, sequences were generated by sam-
pling from the predicted distributions. Specifically, we utilized the
torch.multinomial function for sampling. Additionally, we incorpo-
rated atemperature parameter to control the diversity of the samples.
For all our benchmarking tests, we employed a relatively small tem-
perature value of 1 x 107, which resulted in the generation of nearly
identical sequences for each sampling call. Hence, we sampled only
one sequence per structure to maximize reproducibility. During the
subsequentsequence design process, we were interested in sampling
adiversity of sequences. To do so, we used atemperature of 1and per-
formed repeated sampling.

Training for RhoDesign was performed using eight NVIDIA RTX
3090 graphics processing units, and required approximately 16 h to
complete. When generating new sequences using the trained model
and a standard computer (for example, a current-generation Mac-
Book Pro), RhoDesign exhibited an average generation time of 4.75
sequences per second.

RhoDesign architecture and training

RhoDesignisadeep learning model that enables RNA sequence design
based onafixed backbonestructure. As described in the maintext, the
modelincludes the following components.

- Geometric vector perceptron. The GVP module encodes tertiary
RNA structures. Asimplemented here, its architecture combines
two key elements: the encoding of RNA backbone coordinates
(C4’,CY’,N1) into vector-valued functions and the incorporation
of scalar-valued functions derived from calculated dihedral angles.

« First, the GVP module processes backbone coordinates by
learning vector-valued functions. The vector values are
derived from the directional vectors between specific atoms
in the backbone. For instance, the vector from the C4’ of one
nucleotide i to the C4’ of the next nucleotide (C4’;to C4';,,)
provides a quantity that describes the orientation of one
part of the backbone relative to the next. We associate each
backbone coordinate (for example, C4’, C1’, N1) with a set of
such vectors, each of which is mapped by the GVP to a
high-dimensional vector representation capturing the
spatial arrangement of the RNA backbone.

» Additionally, the GVP module integrates information from
calculated dihedral angles derived from all seven atoms
(C4’,C1’,N1, C2,C5,05, P). These dihedral angles are scalar
quantities that capture information pertaining to the local
geometry of the RNA molecule and are encoded
as scalar-valued functions. These angles describe the
rotational states around the backbone bonds and are invari-
ant under rotations and translations of the backbone by
construction.

+ Combining these encodings, the resulting representation
captures both global and local features. As output, the GVP
module produces a feature-rich representation of the input
RNA structure: namely, the scalar and vector features are
processed by a series of linear transformations, concatena-
tions and nonlinear transformations based on the L, norm,
preserving equivariance and invariance of the vector and
scalar outputs, respectively, with respect to an arbitrary
composition of rotations and reflections (as previously
shown in ref. 24). This representation is then passed as input
into a transformer module to enable sequence design.

- Transformer. The GVP-encoded structural features along with the
contact map of theinput are fed into the encoder of atransformer.
The transformer consists of both an encoder and a decoder, and
this architecture has been appreciated to capture long-range
dependences and relationships within the encoded informa-
tion®. The encoder, which processes the input representation
(including the GVP-encoded structural features and the contact
map), employs attention mechanisms to focus onrelevant struc-
turalinformation. Notably, the attention mechanism may utilize
the contact map to capture spatial dependences between base
pairs. The decoder then processes the output of the encoder for
sequence generation, operating in a step-by-step manner to pro-
duce output nucleotides.

- Trainingdetails.Model training was performed using eight NVIDIA
GeForce RTX 3090 graphics processing units, and hyperparam-
eters were fine-tuned to optimize model performance. The GVP
module was configured with the following parameters: 15 top
K neighbors, node hidden dimensions of 256 (vector) and 512
(scalar), edge hidden dimensions of 32 (scalar) and 1 (vector),
three encoder layers and a dropout rate of 0.1. The transformer
was configured with the following parameters: three encoder
and decoder layers, each comprising four attention heads, and
an attention dropout of 0.1. Both the encoder and decoder were
defined using an embedding dimension of 512. The cross-entropy
loss function was used.

- Data. As discussed above, we leveraged experimentally deter-
mined structures from the PDB. We utilized DSSR* with its default
settings to extract contact maps from the PDB structures. These
contact maps provide information about the spatial arrangement
of base pairs within RNA molecules, augmenting model learning
of structural features. Additionally, as discussed above, to address
the limited availability of PDB datafor training our models, we lev-
eraged RhoFold-predicted structures for our model training. For
these structures, the corresponding contact maps were directly
generated by RhoFold.

Comparison with other models

LEARNA”, Meta-LEARNA?’, RiboLogic*, MCTS-RNA”, gRNAde?*, RDe-
sign® and eM2dRNAs*° represent different models that have been
developed for the task of RNA sequence generation.

- LEARNAleverages deep reinforcementlearning to optimize RNA
sequences by considering both secondary-structure and sequence
constraints.
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- Meta-LEARNA extends LEARNA by leveraging meta-learning tech-
niquesto enhance the model’s adaptability and efficiency, enabling
ittolearn from previous RNA design tasks.

- RibolLogic uses riboswitch data to predict RNA sequences that
optimize translation efficiency, leveraging secondary-structure
and function information.

- MCTS-RNA performs inverse folding by employing a tree search
algorithm to search RNA sequence space and a scoring function
thatincorporates structural and functional information.

- gRNAdeisamultistate graph neural network that generates can-
didate RNA sequences conditioned on one or more 3D backbone
structures.

- RDesign uses a hierarchical representation learning framework
that learns 3D structural representations through contrastive
learning at both the cluster and sample levels.

- eM2dRNAsisamultiobjective meta-heuristic algorithm for design-
ing RNA sequences relying on recursive decomposition of atarget
structure.

These models differ in their algorithms, target applications and
the manner in which they integrate structural information to design
RNA sequences as outputs.

Benchmarking metrics
To benchmark the performance of RhoDesign against that of other
models, we used the following evaluation metrics.

- Recovery rate. The recovery rate is a quantitative measure used
to evaluate the effectiveness of a design method. It is calculated
by comparing the designed RNA sequence to the natural RNA
sequence and finding the fraction of correctly recovered nucleo-
tides. A higher recovery rate indicates amore accurate and effec-
tive design method. By definition, the optimal value of recovery
rateis1.

- Perplexity. Perplexity is calculated as the exponentiated average
negative log-likelihood per sequence. Given asequence of nucleo-
tides s = n,n,n,...ny, the perplexity is calculated using the following
formula: perplexity(s) = P(n,n,n;... ny) N, where P(n,n,n... ny)
is the probability assigned by the model to the entire sequence
relative to the sequencesinthe reference database. Perplexityisa
metricused in natural language processing (NLP) to measure how
wellalanguage model can predict agiven sequence of words. The
metric reflects how surprised the modelis whenitencounters the
next word in a sequence: the lower the perplexity, the better the
model is at predicting the sequence. By definition, the optimal
value of perplexityis1.

- TMscore. The TM score** is a scalar quantity between 0 and 1
which measures the global similarity between two 3D struc-
tures. It compares the structural alignment of two structures,
with a higher score indicating a more similar structure. The
key components of the TM score include the alignment of cor-
responding residues in the compared structures, the RMSD
between their positions and a length-dependent normaliza-
tion factor. In our experiments, TM score is used to evaluate
the quality of the designed RNA sequences by comparing the
predicted 3D structure of the designed RNA sequence with the
targetinput 3D structure. Because RhoFoldis used to predict 3D
structures, there may be a non-zero average value of TM score
arising from the difference between RhoFold-predicted 3D struc-
tures and PDB-deposited structures. Empirically, we found that
this value was 0.247 for the benchmarking experiments shownin
Fig.1c. Our finding that the optimal TM score is low across all our
benchmarking experiments, including those shown in Supple-
mentary Table 1, suggests that 3D-structure prediction methods
remain limited.

- RMSD. The RMSD is a scalar quantity with typical units of ang-
stroms, which measures the average distance between atoms of
aligned structures. Aswith the TM score, herethe RMSD isused to
evaluate the quality of the designed RNA sequences by comparing
the predicted 3D structure of the designed RNA sequence with the
targetinput 3D structure. By definition, the optimal value of RMSD
is 0 A; because RhoFoldis used to predict 3D structures, there may
be a non-zero average value of RMSD arising from the difference
between RhoFold-predicted 3D structures and PDB-deposited
structures. Empirically, we found that this value was 17.45 A for
the benchmarking experiments shownin Fig. 1c.

Benchmarking RhoDesign

For benchmarking, 3,435 structures and 276 structures from the
PDB were used for training and testing, respectively. Structures with
sequence similarity of >0.6 and structural similarity (TMscore) of >0.2
wereremoved fromthetest set. Additionally, to ensure non-redundancy
betweenthe RhoFold-predicted training dataand the test set, we used
CD-HIT* with the lowest threshold (sequence similarity of 0.8) to
remove duplicates. The maximum sequence similarity between the
training and test sets was 0.514 (minimum 0.06, average 0.399), while
the maximum TM score between the training and test sets was 0.172
(minimum 0.013, average 0.050). Thus, our benchmarking enabled
us to evaluate RhoDesign'’s ability to generalize. As shown in Fig. 1c
and Supplementary Table 1, when trained and tested on these sets
RhoDesign exhibits a recovery rate of 52.9%, outperforming other
models trained and tested on the same sets (Whose recovery rates
ranged from 23.7%1t026.1%).

In an orthogonal benchmark, we performed fivefold
cross-validation after dividing the dataset on the basis of sequence
and structural similarity. As shownin Supplementary Table1, two sets
of experiments were performed where we (1) employed PSI-CD-HIT*
for sequence clustering with a sequence similarity threshold of 0.6,
and (2) calculated the TM-score matrix using US-align*® for structure
similarity clustering with a structural similarity threshold of 0.5. Subse-
quently, the dataset of 3,711 instances was partitioned into five subsets,
and fivefold cross-validation was performed with the training and
test sets comprising 80% and 20% of the data, respectively. Notably,
RhoDesign was the top-performing model on the basis of recoveryrate
and RMSD, with average sequence recovery rates of 61.7% and 63.5%
and RMSDs of 12.704 and 13.013 A under the sequence similarity and
structure similarity conditions considered here, respectively. Intrigu-
ingly, although underperforming in terms of recovery rate, gRNAde
modestly outperformed RhoDesign in terms of TM score under the
structure similarity condition considered here.

Ablation studies for RhoDesign

In our first ablation study (Supplementary Table 1), we evaluated the
performance of RhoDesign on the fixed-backbone sequence design
tasks*’—in which the sequence is unknown, the structure is known
and the output is the designed sequence—described in the main
text using the different indicated conditions. The data used and the
train-test splits were identical to those described in ‘Benchmarking
RhoDesign’, with the exception that we also investigated whether
RhoFold-augmented data and secondary-structure information
could enhance model performance. First, we compared RhoDesign
under three conditions: using RhoFold-augmented data only (‘pre-
dicted’), experimental data only (‘PDB’) or a combination of the two
(‘PDB + predicted’). Incorporating RhoFold-augmented data into the
training processimproved the recovery rate when compared with using
experimental data only (Fig. 1d). The RhoDesign model trained with
RhoFold-augmented data (predicted) achieved arecoveryrate of 41.3%,
while the model trained with experimental data (PDB) achieved a recov-
eryrate of 30% (Fig.1d). Additionally, combining RhoFold-augmented
dataand experimental dataresulted in the best performance, interms
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ofrecovery rate. The RhoDesign model trained with both PDB and pre-
dicted data achieved arecovery rate of 52.9% (Fig. 1d), indicating that
augmentation effectively enhances performance. Finally, we compared
RhoDesign models trained with only tertiary-structure information
(‘3D information only’) and a combination of both tertiary-structure
and secondary-structureinformation (‘Allcomponents’). Here, we used
the combination dataset comprising predicted and PDB data to train
models with these two conditions. The results demonstrated thatincor-
porating both secondary-and tertiary-structure informationinto the
modelyielded better performancein terms of all metrics considered.
Specifically, the Allcomponents model achieved the highest recovery
rate (52.9%) of allmodels considered, the highest TM score of 0.212 and
the lowest perplexity score of 2.428.

The second ablation study (Supplementary Table 2) was per-
formed similarly to the above, but with RhoDesign models trained
on PDB data only, and with the model architecture modifications
indicated.

RNA 3D-structure prediction

To expand the training data of RhoDesign, we utilized RhoFold™ to
predict 3D structures from the RNAcentral* database. Specifically,
weinitially predicted 3D structures for one million randomly selected
RNAcentral sequences, focusing on single sequences (sequences not
represented in higher-order structures such as RNA-protein com-
plexes) for computational tractability. To enhance the reliability of the
predictions, we filtered RhoFold-predicted structures on the basis of
the pLDDT values (ameasure of local confidence), choosing RNAcentral
sequences with RhoFold-predicted pLDDT values greater than 0.6.
This resulted in the dataset of 369,499 predicted structures used to
train RhoDesign, as detailed above. RhoFold additionally produces
predicted secondary structures as part of its initial output, and these
secondary structures were used to augment training where indicated,
asdetailed above.

We further note that, in this work, we focus on using RhoFold-
predicted structures with pLDDT > 60 to balance prediction confi-
dencewiththessize of the resulting dataset for training RhoDesign. To
study the effects of different pLDDT thresholds, we trained RhoDesign
models using (1) all RhoFold-predicted structures withpLDDT > 80 and
(2) all RhoFold-predicted structures with pLDDT > 40, two additional
thresholds that subdivide the empirical distribution of all 1 million
pLDDT values from RhoFold (Supplementary Fig. 1). We found that
the performance of RhoDesign, as measured by recovery rate, TM
score and RMSD, was worse in both cases (1) and (2) when trained
models were applied to the same benchmarking task as in Fig. 1c
(Supplementary Fig.1).In case (1), the decreased performance might
arise due to the smaller number of structures available (34,565 as
opposed to 369,499 when pLDDT > 60). In case (2), the decreased
performance might arise due to the lower quality of the structures
hampering the training.

While RhoFold was inconclusive in predicting G-quadruplexes in
these aptamers, the presence of G-quadruplexesinseveral of aptamers
1-4 may be consistent with their AlphaFold 3-predicted 3D structures
as well as their RhoFold-predicted secondary structures (Extended
Data Fig. 2). Indeed, the recent release of AlphaFold 3 details how
AlphaFold 3 can be used to predict 3D RNA structures”. Benchmarks
of AlphaFold 3 on CASP15 natural RNA targets suggest that it performs
similarly well to RhoFold for these targets'. Furthermore, AlphaFold
3’s prediction for the 3D structure of Mango-Ill is nearly identical to
6UPO, and it is possible that 6UPO could be found in AlphaFold 3’s
training set (Extended Data Fig. 1). Nevertheless, using AlphaFold 3
to predictthe 3D structures of aptamers 1-4 suggests the presence of
G-quadruplexesinaptamers1,2and 4, as visualized in Extended Data
Fig.2.Inall cases, consistent with theions found in 6UPO, we generated
AlphaFold 3 models using specific ion constraints, which included one
potassiumion (K") and three magnesium ions (Mg*").

Consistent with the notion that our approach captures structural
information that is useful for Mango-like fluorescence activity, struc-
tural predictions across eight tertiary-structure prediction methods
and four secondary-structure prediction methods—including methods
notrelyingondeep learning—indicated that predicted structures were
largely robust across different prediction methods, with aptamer 1
consistently predicted to have relatively high TM scores and low RMSD
values with respect to Mango-IIl. These predictions also support the
view that aptamer 1is more structurally similar to Mango-Ill than are
aptamers2-4,and that other aptamers designed by RhoDesign largely
exhibit structural similarity to Mango-IIl, as measured by the TM score
and RMSD (Supplementary Table 3). Here, to analyze the generality of
structural predictions, 3D structures were predicted using SimRNA*®
(https://genesilico.pl/SimRNAweb), DRfold* (https://github.com/
leeyang/DRfold), trRosettaRNA" (https://yanglab.qd.sdu.edu.cn/trRo-
settaRNA/), RNAComposer*’ (https://rnacomposer.cs.put.poznan.pl/)
and RoseTTAFoldNA* (https://github.com/uw-ipd/RoseTTAFold2NA),
inaddition to RhoFold (https://github.com/ml4bio/RhoFold), Alpha-
Fold 3 (https://alphafoldserver.com/) and AlphaFold 3 with the specific
ion constraints noted above (Supplementary Table 3). SimRNA uses a
physics-based model that simulates the RNA folding process, DRfold
leverages end-to-end learning and deep geometrical potentials, trRo-
settaRNA combines deep learning with Rosetta energy minimization,
RNAComposer is a knowledge-based method that assembles RNA
tertiary structures from secondary-structure motifs and RoseTTA-
FoldNA is a nucleic-acid-specific adaptation of RoseTTAFold" that
uses deep learning and homology modeling. These packages were
installed from their respective repositories and run using default set-
tings where applicable.

While the results shown in Supplementary Table 3 indicate the
consistency of different sequence-to-structure prediction methods,
we note that the quantitative values of structural similarity foundin our
benchmarks are limited by the performance of structural prediction
methods, and our observation that optimal values of TM score and
RMSD are substantially less than 1and greater than O using RhoFold
(Supplementary Table1) suggest thatimprovementsinthe accuracy of
structural predictions are needed. Importantly, RhoDesign canbe used
and developed independently of any 3D structural prediction method,
and RhoDesign outperforms other methods in different benchmarks
including therecovery rate—perhaps the most appropriate metric for
the task of structure-guided design.

RNA secondary-structure prediction

As detailed in RNA 3D-structure prediction, secondary structures are
predicted as part of RhoFold’s output. Nevertheless, to optimize the
comparison with the secondary structure of PDB 6UPO, we used Rho-
Fold’s implementation of Amber22 and AmberTools23** to perform
additional default relaxation steps for the predicted 3D structures for
each of aptamers 1-4. The secondary structures shown in Extended
Data Fig. 2 were then generated on the basis of the corresponding
RhoFold-predicted relaxed 3D structures or PDB 6UPO using the RNAp-
dbee 2.0 webserver® (http://rnapdbee.cs.put.poznan.pl/). RNApdbee
annotates secondary structures of knotted and unknotted RNAs on
the basis of PDB files, utilizing a specialized algorithm to analyze 3D
coordinates and derive structural annotations.

To analyze the generality of structural predictions, 2D structures
were predicted using UFold** (https://github.com/uci-cbcl/UFold),
RNAfold* (http://rna.tbi.univie.ac.at/cgi-bin/RNAWebSuite/RNAfold.
cgi), MXfold2* (https://github.com/mxfold/mxfold2) and RNA-FM*
(https://github.com/ml4bio/RNA-FM), in addition to RhoFold (Sup-
plementary Table 3). UFold is a deep learning method trained directly
onannotated dataandbase-pairing rules, RNAfold predicts minimum
free-energy structures and base-pair probabilities, MXfold2 integrates
a deep neural network with Turner’s nearest-neighbor free-energy
parameters and RNA-FMis a foundation model. These packages were
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installed from their respective repositories and run using default set-
tings where applicable.

Generation of RNA sequences using RhoDesign
The3Dstructure of PDB 6UPO was provided asinput to three different
RhoDesign models, each generating 20 sequences: (1) a RhoDesign
model trained on RNA structures excluding 6UPO and those with a
sequence similarity greater than 0.5, fixing the known ‘GUACGAAGG’
and ‘GUAC’ of the input sequence as a template motif, (2) aRhoDesign
modeltrained onRNA structures including 6UPO without the motif con-
straintand (3) aRhoDesign model trained on RNA structures excluding
6UPO and those with asequence similarity greater than 0.5 and without
the motif constraint. A subset of resulting aptamers filtered to have
predicted RMSD < 7.5 A and sequence similarity < 0.65 with respect
to 6UPO was selected for further testing, resulting in the synthesis of
five, seven and six aptamers, respectively, from each of the RhoDesign
models (atotal of 18 aptamers, as described in Supplementary Datal).

Forthe spectral clustering based on predicted 3D structures shown
inFig.2e,4,000 sequences generated on the basis of the 3D structure of
PDB 6UPO were sampled from the above set of generated sequences. To
account for variationin Mango aptamer structure, we similarly sampled
6,000 RhoDesign-generated sequences, which were generated using
the RhoFold-predicted structures of Mango-land Mango-Ill asinputs.

For the generation of additional aptamer candidates based
on aptamer 1, the full RhoDesign model was provided with the
RhoFold-predicted structure of aptamer 1 as the backbone input.
5,000 sequences were generated using RhoDesign (Supplementary
Data 1), and these sequences were downsampled for synthesis and
evaluation as described in the main text.

Generation of RNA sequences using RaptGen

The sequences ‘GUACGAAGGGACGGUGCGGAGAGGAGAGUAC’ and
‘GUACGAAGGAAGGUUUGGUAUGUGGUAUAUUCGUAC’ (truncated
variants of Mango-I and Mango-IIl A10U) were provided as training
inputs. Random latent space coordinates were generated using the
rand() function in MATLAB, and RaptGen* was used to produce RNA
sequences with distributions similar to those of the training sequences.
RMSDswithrespect to PDB 6UPO were predicted using the correspond-
ing RhoFold-predicted structures for each generated sequence, and of
100sequences generated all 22 unique sequences—which had predicted
RMSD <12 Aand sequence similarity between 0.57 and 0.87 with respect
to 6UPO—wereselected for further testing. Itisimportant to note that
RaptGenwasoriginally developed tobe targeted toward SELEX applica-
tions, and the small number of sequences used to train RaptGenin this
study may deviate fromitsideal use for SELEX (inwhich the training set
may be large, comprising thousands of sequences or more).

Generation of RNA sequences using other
structure-to-sequence models

Sequences were generated from each of the seven models indicated in
themaintext (LEARNA, Meta-LEARNA, RiboLogic, MCTS-RNA, gRNAde,
RDesign and eM2dRNAs) using the provided model checkpoints in
their respective repositories, that is, https://github.com/automl/
learna for LEARNA and Meta-LEARNA, https://github.com/wuami/
RiboLogic for RiboLogic, https://github.com/tsudalab/MCTS-RNA
for MCTS-RNA, https://github.com/chaitjo/geometric-rna-design for
gRNAde, https://github.com/A4Bio/RDesign for RDesign and https://
github.com/iARN-unex/eM2dRNAs for eM2dRNAs. Default parameters
for each model were used without any modifications, and no addi-
tional tuning or parameter adjustments were performed. One hundred
sequences were sampled for each of gRNAde, RDesign, eM2dRNAs
and MCTS-RNA; LEARNA, Meta-LEARNA and RiboLogic are based
on reinforcement learning and/or converged after sampling about
10sequences. Therefore, only 10 sequences were sampled from each of
these methods. For each set of generated sequences, where applicable,

sequences were downsampled to consider only those with the lowest
RhoFold-predicted RMSD with respect to Mango-Illin 6UPO, as well as
those with at most 8 ‘C’ repeats to improve synthesizability, resulting in
afinal set of 70 sequences (10 sequences corresponding to each model).

Sequences and sequence similarity

Sequence similarity was calculated using the pairwise2.align.globalxx
in Biopython, as the number of matches in the highest-scoring
alignment divided by the length of the aligned sequence. The
reference sequences used for calculating sequence similarity
were as follows: GCUACGAAGGAAGGAUUGGUAUGUGGUAUAU-
UCGUAGC for 6UPO (a truncated variant of Mango-Ill A10U), GUAC-
GAAGGGACGGUGCGGAGAGGAGAGUACGUGC for Mango-I,
GUACGAAGGAGAGGAGAGGAAGAGGAGAGUACGUGC for Mango-II,
GUACGAAGGAAGGAUUGGUAUGUGGUAUAUUCGUACGUGC
for Mango-1lI, GUACGAAGGAAGGUUUGGUAUGUGGUAUAU-
UCGUACGUGC for Mango-Ill A10U and GUACCGAGGGAGUGGUGAG-
GAUGAGGCGAGUACGUGC for Mango-IV. We note that Mango-I11 A10U
isreferred to as ‘Mango-IIl’in this work, and the sequence for Mango-IlI
noted above (without the A10U mutation) was used only as areference
sequence for calculating sequence similarity. The sequences used for
aptamers 1-4 were GUUACGGGGAAGGAGCUAAUGCUGUGUGCGU-
UCGUGGU, GCUACGGGGAGAGGACUAAUGCUGUAUGCGUUCGCGGC,
GUUACGGGGAAGGAAUCAAUGCUGUUCGUGCUUACGGC and GUU-
AUGGGGAAGGAGUCGAUGCUGUGCGCGCUUGUGGU, respectively.

Structural clustering

RhoFold was used to predict RNA 3D structures. US-align*® was used
for structural alignment, producing a matrix of TM scores. Spectral
clustering in scikit-learn was performed on the resulting matrix, and
t-distributed stochastic neighbor embedding using default parameters
was used to visualize the clustering.

Synthesis and experimental testing of generated RNAs

Generated RNAs were synthesized by Integrated DNA Technologies and
resuspended in TE buffer (pH 8.0). In vitro reactions were performed
on a black 384-well microplate with each RNA at a final concentra-
tion of 25 uM and TO1-biotin (TO1-3PEG-biotin, G955, Applied Bio-
logical Materials) at a final concentration of 10 pM in reaction buffer
(TE buffer containing 40 mM HEPES, 100 mM KCI and 1 mM MgCl,).
Reactions were incubated at 37 °C for 30 min, and fluorescence was
measured at Ex/Em =475/500-550 using a SpectraMax M3 plate reader
(Molecular Devices) or a Promega GloMax plate reader (Promega).
Alength-controlled random36-nucleotide aptamer was used as anega-
tive control. Alist of all RNA sequences synthesized for testing and cor-
responding experimental datacanbe foundin Supplementary Datal.

Binding predictions

Asdiscussed inthe main text, in contrast to other generated sequences
based on Mango-l and Mango-IIl, aptamer 1 clustered more similarly
to Mango-lll than did Mango-I, suggesting that it was sampling a struc-
tural space associated with high fluorescence and that 3D structural
features conserved with Mango-IIl's may underlie its activity. Despite
this suggestion, using sequence- and secondary-structure-based deep
learning approachesto predict TO1-biotin bindingactivity as anindica-
tor of fluorescenceintensity did not result in asubstantial correlation
betweentheresultingscores and the empirically observed fluorescence
intensities across the 110 synthesized and tested aptamers (Supple-
mentary Fig. 2). It is possible that limitations in these methods, as
opposed to substantive differences in 3D structure, underlie the lack
of predictive ability, as has been suggested for molecular docking using
AlphaFold-predicted protein structures®. Specifically, to leverage all
available information, we compiled available SELEX data for Mango
aptamers (Supplementary Dataset 1 of ref. 59). We used these data
to train four distinct models: PrismNet, DLPRB_cnn, DLPRB_rnn and
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MPBind. For PrismNet, DLPRB_cnn and DLPRB_rnn, we used default
settings of model architecture and model parameters provided in
their respective GitHub repositories (https://github.com/kuixu/Prism-
Net and https://github.com/ilanbb/dIprb). For MPBind, we used the
default settings provided in the official user guide*. We found that
PrismNet, DLPRB_cnnand DLPRB_rnn performed worse than MPBind
using SELEX datawhen performance was measured using the Pearson
correlation coefficient with respect to relative fluorescence intensity
values normalized by that of Mango-I (Supplementary Data 1). We
note that MPBind was originally developed to predict SELEX-derived
binding aptamers: because MPBind is a meta-motif-based statistical
framework, it may be particularly applicable and predictive when
trained using SELEX data, which typically provide large amounts of
binding information relevant to specific sequence motif's.

Aptamer optimization

5,000 RNA sequences were generated using the predicted structure of
aptamerlasinputwithafully trained RhoDesign model, as described
in the main text. Sequences were further filtered for MPBind scores
of >0.4 (approximately that of aptamer 1) and for higher sequence
similarity with respect to aptamer 1 than any Mango aptamer (Sup-
plementary Datal).

Pharmacologicinhibition of fluorescence activity

Three different G-quadruplex-selective small-molecule binders,
TMPyP4, pyridostatin and carboxypyridostatin®~°, were procured
from Cayman Chemical Company and MedChemExpress and dissolved
in dimethyl sulfoxide to generate working solutions. Compounds or
vehicle (1% dimethyl sulfoxide) were then added at the indicated final
concentrations toreactions containing 10 pM of RNA aptamerand 5 pM
of TO1-biotin, under conditions similar to those described above. Reac-
tions were incubated at 37 °C for 30 min, and fluorescence was meas-
ured at Ex/Em =475/500-550 using a Promega GloMax plate reader.

QUMA-1dye fluorescence

For direct detection of G-quadruplexes, BioTracker QUMA-1 RNA
G-quadruplexlive cell dye was obtained from MilliporeSigma (SCT056),
dissolved in dimethyl sulfoxide, and added to a final concentration
of 10 pM to reaction buffer containing 10 uM of RNA aptamer and
no TO1-biotin. Reactions were incubated at 37 °C for 30 min, and
fluorescence was measured at Ex/Em = 520/660-720 using aPromega
GloMax plate reader.

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

Data availability

The numerical data supporting the findings of this paper are provided
inthe Source Data, and the sequences can be generated by running Rho-
Design. Source Datafor Figs.1and 2 are available. Sequences generated
from RhoDesign and accompanying data are available as Supplemen-
tary Datal. Thetraining dataset and model checkpoints for RhoDesign
are available from Zenodo®. The PDB structure for Mango-1Il (A10U),
6UPO, is available from the PDB®'.

Code availability
RhoDesign s available at https://github.com/ml4bio/RhoDesign and
from Zenodo®’.
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Extended Data Fig. 1| Structural fidelity of RhoFold’s Mango-Ill prediction,
conserved sequence motifs in Mango aptamers, and comparison to aptamers
1-4. a, (Left) RhoFold-predicted 3D structure of Mango-Ill, aligned to the ground

Mango-Ill (A10U)

RMSD: 1.39 A RMSD: 0.82 A
TM-score: 0.59 TM-score: 0.66
pLDDT: 78.38 pLDDT: 82.94

Sequence

-GUAC-GAAGGGACGGUGCGG-AGAGGA----GAGUACGUGC-
-GUAC-GAAGGAGAGGAGAGGAAGAGGA----GAGUACGUGC-
-GUAC-GAAGGAAGGAUUGGUAUGUGGUAUAUUCGUACGUGC-
-GUAC-GAAGGAAGGUUUGGUAUGUGGUAUAUUCGUACGUGC-
-GUACCGAAGGAGUGGUGAGGAUGAGGC----GAGUACGUGC-
GUUAC-GGGGAAGGA--GCUAAUG--CUGUGUGCGUUCGUGGU
GCUAC-GGGGAGAGG--ACUAAUG--CUGUAUGCGUUCGCGGC
GUUAC-GGGGAAGGA--AUCAAUG--CUGUUCGUGCUUACGGC
GUUAU-GGGGAAGGA--GUCGAUG--CUGUGCGCGCUUGUGGU

truth structure for Mango-Illin PDB 6UPO. (Right) AlphaFold 3-predicted 3D

RhoFold Mango-Ill (A10U) = AlphaFold 3 Mango-Iil (A10U)

Length
35
36
40
40
37
38
38
38
38

structure of Mango-Ill, aligned to the ground truth structure for Mango-Illin PDB
6UPO. b, Comparison of aptamers 1-4’s sequences against Mango sequences.
Here, conserved sequence motifs in Mango aptamers are indicated inred.
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Extended DataFig. 2| AlphaFold 3-predicted 3D and RhoFold-predicted
secondary structures. a, Predicted 3D structures for aptamers 1-4 generated
using AlphaFold 3, as detailed in the Methods—RNA 3D structure prediction.
RMSD, TM-score, and pLDDT values for each structure as compared to the

RMSD: 12.78 A
TM-score: 0.32
pLDDT: 87.98

RMSD: 6.72 A
TM-score: 0.36
pLDDT: 85.47

6

Aptamer 3

Aptamer 4
ground truth structure for Mango-Illin PDB 6UPO are shown. b, Secondary
structures for Mango-Ill and aptamers 1-4, as generated based on the
corresponding PDB structure (6UPO; Mango-IlI) or RhoFold predictions
(aptamers1-4), as detailed in the Methods—RNA secondary structure prediction.
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