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Abstract

RNA homology search plays a crucial role in RNA structure prediction, facing a trade-off between
sensitivity and speed. Here we present RNAflash, a two-stage framework that combines RNA lan-
guage model-based retrieval with structure-informed reranking and alignment. A retrieval bi-encoder
RNAflash-R trained through contrastive learning first retrieves candidate RNA sequences from a large
pre-encoded database. Then, its cross-encoder RNAflash-A reranks and aligns the retrieved RNA candi-
dates via jointly trained prediction heads, using predicted secondary structures to refine nucleotide corre-
spondence scores. Across held-out Rfam families, RNAflash retrieved RNA homologs more sensitively
than sequence-based methods, and produced alignments comparable to those of structure-based methods.
In large-scale searches of RNAcentral, RNAflash generated multiple sequence alignments (MSAs) with
stronger coupling and covariation signals than sequence-based and Infernal pipelines, while performing
search and MSA construction 3.7-fold faster than non-iterative Riboseek and over 100-fold faster than
Infernal and RNAcmap. The lightweight variant RNAflash-L achieves sub-second average search times
per query while producing higher-quality MSAs than nhmmer and non-iterative Riboseek. The results
show that RNAflash makes sensitive RNA homology search and MSA construction more scalable, while
RNAflash-L provides an efficient source of MSAs for downstream RNA structure prediction.

Keywords: RNA homology search, remote homology detection, RNA language models, multiple sequence
alignment, contrastive learning



1 Introduction

Identifying homologous RNA sequences is a fundamental task in RNA bioinformatics. The task is a pre-
requisite for constructing multiple sequence alignments (MSAs), which are widely used in downstream in
silico analysis, such as structure prediction [1, 2, 3], representation learning [3] and database construction
[4]. However, homology search methods generally face a trade-off between sensitivity and computational
efficiency. The most computationally efficient algorithms are sequence-based, relying on dynamic program-
ming and scoring schemes to assess the sequence similarity. A representative example is BLASTN [5],
which applies k-mer indexing and hash-based search to achieve high speed but can miss homologs with low
sequence identity to the query. Nhmmer [6] improves the sensitivity with a hidden Markov model (HMM)
constructed from query sequences or query MSAs, but the inference time significantly increases. Riboseek
[7] is a recently proposed method designed to balance the sensitivity and speed, but it is still limited by
sequence information.

In contrast, structure-aware approaches improve the sensitivity by incorporating RNA structure infor-
mation, which is generally more conserved than primary sequences. Infernal [8] , a widely used tool for
RNA homology search, employs covariance models to capture both sequence and structural conservation,
enabling the detection of remote homologs in sequence databases without structural annotations. There are
some recently proposed methods such as SHAPEwarp [9] and bpRNA-CosMoS [10], yet their performance
has not yet been extensively validated. LocARNA [11], US-align [12] and RTM-align [13] can directly
measure the similarity at the secondary or tertiary structure level, but the time complexity and the lack of
scalable RNA structure databases constrain their practical use. Another class of methods focuses on com-
bined search strategies, including RNAcmap [14] and rtMSA [15], which use the aforementioned tools to
progressively search and construct MSAs. While these approaches can achieve high sensitivity, they are not
ideal for large-scale search due to computational costs.

The trade-off between sensitivity and speed in current methods motivates the need for alternatives that
achieve both goals. Embedding-based approaches, driven by advances in deep learning and large language
models, have recently emerged as a promising solution. For protein homology search, methods such as DHR
[16] and TM-Vec[17] have demonstrated that embedding-based retrieval can achieve both high sensitivity
and efficiency in homolog detection. Despite such successful implementation in protein homology search,
embedding-based algorithms remain relatively underexplored in the RNA field. Existing work such as
ERAST [18] adapts embedding-based retrieval to nucleotide sequences, but focuses primarily on species
taxonomy and is not intended for MSA construction. In addition, converting retrieved candidates into an
MSA requires filtering false positives and aligning homologs that may share little sequence identity. This
motivates a pairwise model that learns to assess the homology and align nucleotides jointly, using predicted
secondary structure to guide the alignment.

To address these gaps, we present RNAflash, a fast structure-aware RNA homology search framework
consisting of two components: a retrieval bi-encoder (RNAflash-R) and a cross-encoder for reranking and
alignment (RNAflash-A). Specifically, RNAflash-R uses contrastively trained RNA embeddings to retrieve
candidates from a pre-indexed database. RNAflash-A then reranks these candidates and uses predicted
secondary structure to guide their alignment with the query, assembling the retained alignments into an
MSA. We show that RNAflash achieves higher sensitivity than sequence-based methods and substantially
improves RNA language models’ ability to capture homology relationships in the learned embedding space.
It can retrieve structurally conserved sequences with low sequence identity to the query and align them
in a structure-aware manner, producing MSAs with stronger evolutionary signals for secondary structure
analysis. Compared with conventional algorithms, RNAflash is more scalable, and we additionally pro-
vide a lightweight pipeline for fast RNA MSA construction, which was used to support RNA 3D structure



prediction with promising performance.

2 Results

2.1 Overview of RNAflash for fast and sensitive RNA homology search and alignment

RNAflash addresses the speed-sensitivity trade-off by splitting homology search into two stages: fast embedding-
based retrieval with RNAflash-R, followed by reranking and alignment with RNAflash-A (Fig. 1a). The first
stage is performed by RNAflash-R, a bi-encoder that embeds each sequence independently (Fig. 1b). The
encoded query is then matched against a pre-encoded target database (using the same bi-encoder) via co-
sine similarity. To speed up the RNA homology retrieval, the database embeddings are organized into an
inverted-file (IVF) index using Faiss [19], enabling parallel search in sublinear time. For each query, the top

k sequences are passed to the next stage.

The second stage is performed by RNAflash-A, a cross-encoder that jointly processes a query—candidate
pair to produce a reranking score and an alignment matrix, from which a pairwise alignment is obtained by
dynamic programming traceback (Fig. 1c). Candidates are ranked by their predicted homology scores, and
those below the threshold are discarded. The retained pairwise alignments are then merged using the query
as a common reference to construct an MSA (Fig. 1a). This two-stage design combines efficient embedding-
based retrieval with structure-informed alignments, enabling searches against millions of sequences, while
restricting the more expensive pairwise computation to the top-ranked candidates.

The two modules are trained separately. We choose Rfam [4] as the training data, because its family
assignments provide a credible and biologically meaningful definition of RNA homology. Moreover, Rfam
families are accompanied by curated MSAs, making them well suited for evaluating both homology search
and alignment. RNAflash-R builds on ERNIE-RNA, a structure-aware language model [20], and is trained
on randomly extended sequences with a momentum contrast objective (MoCo) [21], which pulls the rep-
resentations of homologous sequences together while pushing those of non-homologous sequences apart
(Fig. 1b). RNAflash-A uses a secondary-structure-prediction variant of the same backbone (Fig. 1¢) and is
trained jointly for reranking and alignment. It computes a cross feature from the token-level embeddings of
both sequences, and produces the reranking score and the alignment matrix using two independent heads.
The predicted secondary structure is injected into the alignment head as a lightweight augmentation so that
structurally conserved regions can be aligned even at low sequence identity.

2.2 RNAflash-R outperforms sequence-based approaches in retrieval sensitivity

We first evaluated the retrieval stage in isolation, asking whether the embedding-based retrieval (RNAflash-
R) could outperform conventional non-iterative sequence-based methods in homolog detection sensitivity.
We compared RNAflash-R with four methods: MMseqs2 [22], BLASTN [5], nhmmer [6] and Riboseek [7],
which collectively span sequence-only search. The dataset was a test set of 155 families held out from the
training set, each containing at least one experimentally determined tertiary structure. To ensure data quality,
we restricted each family to its seed-alignment sequences, which were manually curated by the Rfam team.
One sequence per family was randomly chosen as the query, yielding 155 queries, each searched against the
remaining sequences in the test set.

The sensitivity of the methods was measured by recall, with true positives defined by retrieved sequences
belonging to the same family as the query. Because the methods return scores on different, non-comparable
scales, we compared them by ranking rather than at any shared threshold. Each query’s database sequences
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Figure 1: The overall framework of RNAflash. (a) Search pipeline. The query is encoded once and matched
against the pre-encoded, I[VF-indexed database. Then the top-ranked candidates are reranked by RNAflash-
A and their alignments are assembled into an MSA. Further details are provided in the Methods section.
(b) RNAflash-R, the retrieval encoder (bi-encoder), for RNA homology search. Two sequences are sampled
from each family, extended with random nucleotide flanks at both ends, and encoded separately by the query
(Q) and key (K) encoders into dense vectors. The cosine similarity between a pair of vectors is used in the
MoCo objective to pull homologous pairs together and push non-homologous pairs apart. (c) RNAflash-
A, the cross-encoder, for RNA alignment. An anchor is randomly sampled from a family as the query,
and several in-family and out-of-family sequences are chosen as targets. The module learns to generate
a reranking score and an alignment matrix from cross features. The alignment matrix is augmented by
predicted secondary structure (SS), and alignment is obtained by dynamic programming traceback from the

matrix.



were ranked by each method’s native metric (E-value for the four benchmark methods, and cosine simi-
larity for RNAflash-R), and we measured recall within the top-k retrieved sequences (recall @k, Fig. 2a).
RNAflash-R attained the highest recall @k at most cutoffs, ranking second only to Riboseek at k = 5, 10, 20.

Because a fixed cutoff treats families of different sizes unevenly, we additionally evaluated each query
at a cutoff matched to its own family size (Recall@FS, Fig. 2b). RNAflash-R again achieved the highest
recall @FS, showing that its advantage persisted when retrieval depth was adjusted to family size.

For evaluation of RNAflash-R’s ability to balance sensitivity and precision, we also measured recall
up to the first false positive (Recall@1FP, Fig. 2c). Each ranking was truncated at its first non-homolog,
and recall was computed over this error-free prefix. RNAflash-R outperformed all baselines, recovering on
average 75.5% of a query’s homologs before the first unrelated sequence appeared. Notably, Riboseek was
also trained on Rfam, and its training data included part of our test families, which RNAflash-R was never
exposed to during training. Nevertheless, RNAflash-R surpassed Riboseek on recall @FS and recall @ 1 FP.
This suggests that RNAflash-R’s advantage reflects generalization to unseen families rather than familiarity
with the test families. Moreover, the high sensitivity of RNAflash-R depends less on which sequence is
taken as the query. To validate this, we repeated the evaluation using every sequence in the test set as a
query and computed recall@ 1FP for each (Fig. 2d). RNAflash-R ranked first under both a macro average
over families and a micro average over sequences, showing that its performance is robust to the choice of
queries.

To examine retrieval performance within families of low sequence identity, we selected RFO0032 (His-
tone 3’ UTR stem-loop) as a representative case study (Fig. 2e). The family exhibits high sequence diversity,
with 49 sequences in its seed alignment, and 80% of sequences retained after clustering at 70% sequence
identity using MMseqs2, indicating limited redundancy among family members. RNAflash-R outperformed
all competing methods across recall levels, achieving the highest area under the precision—-recall curve.
While sequence-based approaches like nhmmer and Riboseek effectively retrieved homologs in relatively
conserved families, their performance degraded in this highly diverse family, where sequence identity pro-
vides limited discrimination. In contrast, RNAflash-R preserved its retrieval capability, demonstrating its
potential for identifying homologs with reduced sequence identity.

Furthermore, consistent with its retrieval performance, RNAflash-R grouped homologous sequences
more closely in the embedding space while those belonging to different families were farther apart (Fig. 2f).
Notably, this sensitivity is not inherited from the backbone alone. We used six different RNA language
models as the backbone and trained them with the same MoCo objective and training data (Fig. 2g, Sup-
plementary Figure 1). MoCo substantially improved retrieval sensitivity for every backbone, whereas the
choice of backbone still mattered. ERNIE-RNA, which incorporates a structural prior [20], gave the highest
sensitivity after MoCo training.

2.3 RNAflash-A achieves efficient reranking and structure-aware alignment

Whether RNAflash-A supports MSA construction from embedding-retrieved sequences depends on two ca-
pabilities: reranking the retrieved candidates to remove false positives, and aligning the retained candidates.
We evaluated these in turn on the Rfam test set, where curated seed alignments and homolog relationships
provide a reference, and then examined MSA construction itself at scale, where curated reference alignments
were unavailable.

Running on the same Rfam test set as the previous section, RNAflash-A achieved a higher recall @ 1FP
than RNAflash-R and other structure-based algorithms, with 49.7% of families reaching a perfect recall @ 1FP,
showing that it places more of a query’s homologs above the first false positive (Fig. 3a). We also measured
the precision of different reranking methods under varying depth (precision@k, Fig. 3b). We ranked all
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Figure 2: RNAflash-R (retrieval encoder) outperforms sequence-based methods. (a) Average recall at a
fixed cutoff k, where k£ € {1,5, 10,20, 50, 100,200}. (b) Recall of 155 queries with a cutoff of family
size (recall@FS). Each semi-transparent dot represents a query, and horizontal lines indicate the 95% BCa
bootstrap confidence interval for the mean (10,000 resamples). (c) Box plot of recall@1FP for the 155
queries. (d) Macro average and micro average of recall@ 1FP for all sequences in the test set. (e) A case
study on RF00032. For methods failing to retrieve all homologous sequences, all unretrieved sequences
(including non-homologous ones) were assigned the lowest possible score and treated as bottom-ranked. (f)
Visualization of learned RNA sequence embeddings. Left, t-SNE projection of sequence embeddings from
the test set. Right, kernel density estimates (KDEs) of pairwise cosine similarity for homologous pairs and
non-homologous pairs. (g) Ablation study on different RNA language models’ sensitivity before and after
MoCo training, measured by recall @ 1FP.



target sequences by each method’s E-value (nhmmer, Infernal) or score (RNAflash-A). RNAflash-A had
precision comparable to Infernal at k£ = 1 and the highest precision at £k = 5-200. Its advantage was small
at shallow ranks and became more pronounced as k increased, indicating fewer false positives among the
top-ranked candidates at greater depths. We further evaluated the alignment performance using reference
seed alignments from the Rfam test set (Fig. 3c). RNAflash-A achieved an average F1 of 0.807, compared
with 0.740 for nhmmer and 0.793 for Infernal.

To examine the MSA construction performance of RNAflash-A following RNAflash-R retrieval, we
built MSAs from candidates produced by the retrieval stage rather than from curated alignments. We used
174 single-chain RNAs with experimentally determined structures (resolution < 4.0 A, length > 20 nt) from
RNAsolo [23] as queries and retrieved the top-1000 targets for each from a 30-million-sequence RNAcentral
[24] database with RNAflash-R. The same candidate list was passed to nhmmer, Infernal and RNAflash-A
to test the MSA construction ability.

We evaluated the MSA quality by number of effective sequences (Neff) and MSA-based secondary
structure prediction. The number of effective sequences was calculated with NEFFy [25], which measures
the number of non-redundant sequences in an MSA. The MSA-based structure prediction was performed
by plmc [26] and R-scape [27], which assign scores to pairs of alignment columns by coupling analysis and
covariation analysis on an MSA respectively. RNAflash-A required an average of 9.67 seconds per query,
whereas Infernal required 26.7x as much time (Fig. 3d). RNAflash-A produced MSAs with higher Neff
than nhmmer and Infernal (Fig. 3e) and higher AUPRCs in both coupling and covariation analyses (Fig. 3f,
g). Nhmmer was faster than RNAflash-A, but its MSAs had lower effective depth and weaker evolutionary
signals. Its speed nevertheless makes it an attractive option when throughput is a priority, motivating the
lightweight pipeline evaluated below.

We also studied whether the lightweight structure augmentation is necessary in MSA construction by
retraining RNAflash-A with an identical backbone, architecture and training data, but with the secondary-
structure augmentation removed (Fig. 3h). Removing structure augmentation substantially reduced AUPRCs
in both coupling and covariation analyses, highlighting the importance of augmentation in achieving the
alignment quality reported above.

2.4 RNAflash enables fast sensitive homology search for RNA MSA construction

We next evaluated RNAflash as a complete pipeline for RNA homology search and MSA construction on
RNAcentral database. We compared RNAflash with sequence-based methods (nhmmer and Riboseek), the
CM-based method Infernal, and RNAcmap, which combines sequence- and structure-based searches. Each
method performed its own search and alignment steps, and by default, RNAflash-R retrieved the top 1,000
candidates for each query, which were then filtered and aligned by RNAflash-A.

On the full query set, RNAflash produced MSAs with higher Neff than the sequence-based methods
(Fig. 4a). The RNAflash-derived MSAs also showed stronger evolutionary coupling and covariation signals,
with higher AUPRCs than those generated by sequence-based methods and Infernal. RNAcmap achieved
the highest AUPRC:s in both analyses, followed by RNAflash (Fig. 4b).

We further examined performance on 22 RNAsolo queries without detectable matches to Rfam covari-
ance models in our cmscan search, referred to here as Rfam-unassigned queries. RNAflash maintained
similar Neff values across the two query groups, while those of competing methods dropped substantially
on the Rfam-unassigned subset (Fig. 4c). RNAflash also achieved the highest coupling and covariation
AUPRCs among the methods tested (Fig. 4d). Infernal showed the largest performance decline on this sub-
set, with performance approaching that of Riboseek. This pattern may partly reflect the CM-based criterion
used to select these queries: the absence of detectable Rfam CM matches may identify queries that are also
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challenging for CM-based homology search. RNAflash’s performance on this subset suggests that its utility
extends beyond queries readily assigned to known Rfam families.

Moreover, RNAflash completed search and MSA construction for all 174 queries in 1,682 seconds,
the shortest end-to-end runtime among the methods compared (Fig. 4e). It was 3.7-fold faster than non-
iterative Riboseek and approximately 10-fold faster than iterative Riboseek, even though Riboseek was
GPU-accelerated on the same device in this benchmark. Infernal and RNAcmap required over 100x and
142 x the runtime of RNAflash, respectively, highlighting the computational advantage of RNAflash’s two-
stage pipeline. Notably, when used for retrieval alone instead of MSA construction, RNAflash completed all
174 queries in 12 seconds (0.07 seconds per query on average, with the Faiss index resident in cache). Also,
the retrieval time did not change significantly with the increase of retrieval depth (Supplementary Figure 2).
This low retrieval cost also supports using RNAflash-R independently as an ultra-fast search tool for large
databases when ranked homolog candidates are sufficient and an MSA is not required.

The retrieval depth k£ determines how many candidates are passed to RNAflash-A and therefore provides
a way to adjust the balance between MSA quality and computational cost. We varied &k from 500 to 10,000
to examine this trade-off (Fig. 4f). Increasing k& improved coupling and covariation AUPRCs and increased
Neff, although MSA construction took longer as more candidates required pairwise processing. At the
default setting, RNAflash was fast enough to make homology search scalable. When k increased to 5000, it
achieved MSA quality comparable to RNAcmap while remaining faster than iterative Riboseek.

2.5 RNAflash provides a lightweight route for large-scale RNA homology search

Nhmmer is a widely used tool for homolog detection and MSA construction, but its runtime grows with the
size of the target database, because its filter still visits every sequence before the HMM alignment stages.
As discussed in Section 2.3, nhmmer is fast on a small candidate set retrieved by RNAflash-R, although
the resulting MSAs had lower Neff and weaker evolutionary signals than those constructed by RNAflash-
A. Therefore, we tested whether the retrieval stage of RNAflash could accelerate nhmmer by narrowing
its search to the retrieved candidates, and whether this lightweight configuration, which we call RNAflash-
L, improves nhmmer’s output. The lower alignment cost allowed us to retrieve more candidates, and we
selected k£ = 5,000, beyond which gains in coupling and covariation AUPRCs plateaued (Supplementary
Figure 3).

To assess whether RNAflash retrieval can recover sequences identified by nhmmer search, we selected
the queries in the RNAsolo dataset for which nhmmer returned hits when searching the full RNAcentral
database. For the 141 queries, we performed RNAflash-R retrieval against the same database and measured
the fraction of nhmmer hits recovered by RNAflash-R (Fig. 5a). In 63 queries, RNAflash-R recovered all
the nhmmer-retrieved sequences, and in half of the queries, it recovered more than 98% of nhmmer hits.
Restricting the search to a small high-confidence set also improves sensitivity through E-values (Supple-
mentary Figure 4), which scale with the size of the search space. For the other 33 queries for which nhmmer
returned no hits from RNAcentral, our lightweight pipeline returned at least one homolog in 21 queries
(Fig. 5b), including more than 100 hits for two queries.

Beyond improving hit recovery, RNAflash-L completed search and MSA construction in less than one
second per query on average (Fig. 5c). We further assessed whether the improved hit recovery translated
into better MSA quality (Fig. 5d). For most queries in the RNAsolo dataset, MSAs generated by RNAflash-
L were at least as deep as those generated by standalone nhmmer, with higher effective sequence counts
and stronger coupling and covariation signals. Interestingly, the improvements were not confined to queries
with deeper MSAs. For some queries, RNAflash-L retained fewer sequences yet achieved higher Neff
and AUPRCs, suggesting that its retained sequences provided more non-redundant evolutionary informa-
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Figure 4: Performance of RNAflash full pipeline on RNAcentral database. (a) Number of effective se-
quences (Neff) of the MSAs for the 174 RNAsolo queries, on a log-10 scale. (b) AUPRC of coupling
and covariation analysis on the same MSAs (queries without annotated base pairs were excluded). Aver-
age AUPRC is presented above each box. (c, d) Neff and AUPRC restricted to queries without detectable
matches to Rfam covariance models. (e) End-to-end runtime for the 174 queries. Retrieval and MSA con-
struction time are denoted by light and dark segments. (f) MSA quality against runtime with the increase
of retrieval depth k, represented by interquartile range and mean value. Dashed horizontal lines denote
the runtimes of the two Riboseek configurations, and the dashed vertical line marks the mean AUPRC of
RNAcmap.
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tion. RNAflash-L also outperformed non-iterative Riboseek in Neff and coupling and covariation AUPRCs
(Fig. 5e). Among the three pipelines, RNAflash-L also had the shortest runtime (Fig. 5c). These find-
ings illustrate how learned retrieval can extend the capabilities of current homology search tools, making
informative RNA MSAs more accessible for large-scale downstream analyses.

Furthermore, given the use of nhmmer-derived MSAs in RNA structure prediction pipelines, RNAflash-
L could serve as an alternative MSA generation workflow compatible with Protenix-v2 [28] and AlphaFold3
[29]. On the RNAsolo benchmark, RNAflash-L gave Protenix-v2 the highest TM-score and lowest RMSD
among the MSA sources tested. This combination also outperformed all tested AlphaFold3 configurations
on both metrics (Supplementary Table 1). On the Foldbench dataset [30], RNAflash-L also gave Protenix-v2
the highest TM-score among the MSA sources tested (Supplementary Table 2).

3 Discussion

To address the trade-off between speed and sensitivity in conventional algorithms, we introduced RNAflash,
a two-stage pipeline for RNA homology search and MSA construction. By combining embedding-based
retrieval with structure-informed reranking and alignment, it made sensitive RNA homology search more
scalable.

On held-out Rfam families, RNAflash-R improved homolog retrieval over sequence-based methods,
while the contrastive training framework improved all tested RNA language-model backbones. RNAflash-A
produced accurate alignments and MSAs with stronger evolutionary signals than nhmmer and Infernal on
the same retrieved candidates. The complete RNAflash pipeline demonstrated higher sensitivity and MSA
quality than sequence-based methods and Infernal, with a considerably shorter execution time. The comple-
mentary RNAflash-L configuration improved nhmmer-based searches and benefited Protenix-v2 structure
prediction. The latter may reflect compatibility with the nhmmer-derived MSAs used to train Protenix-v2.
Together, these results show how learned representations and pairwise structural information can support
both large-scale retrieval and downstream MSA construction.

Several considerations define the scope of these results. The benchmarks covered 155 structurally char-
acterized Rfam families and 174 RNAsolo queries, and the ERNIE-RNA backbone restricts the current
implementation to sequences of up to 1,022 nt. Because reference alignments were unavailable for the
large-database searches, MSA quality was assessed using effective sequence counts and coupling and co-
variation signals. RNAflash also trades retrieval depth for substantially lower runtime, and the retrieval
depth should be adjusted to balance MSA quality and computational cost, with RNAflash-L providing a
lighter alternative.

Overall, these results position RNAflash as a solution for scalable retrieval and alignment of remote
RNA homologs. It makes evolutionary information more accessible for RNAs whose homologs may be
difficult to detect by sequence identity alone, and provides a promising option for MSA-based analyses.

4 Methods

4.1 Benchmark datasets
Rfam training set. We use Rfam to train our models. The Rfam database is a collection of non-coding

RNA families, and sequences within a family are treated as homologous. For RNAflash-R, all sequences in
a family are used, and we remove duplicate sequences within each family and exclude families containing
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Figure 5: Lightweight pipeline of RNAflash. (a) Fraction of nhmmer’s hits recovered by RNAflash-R. The
diamond and square denote mean and median, respectively. (b) Number of RNAflash-L’s hits in queries
for which nhmmer returned no hit from the full database. (c) Runtime of search pipelines against the full
database. (d) Improvements in Neff and coupling and covariation AUPRCs relative to standalone nhmmer.
Points are coloured by whether the number of sequences retained by RNAflash-L. was not lower (blue) or
lower (orange) than for default nhmmer. (e) Comparison of Neff, coupling analysis and covariation analysis
AUPRC between RNAflash-L and non-iterative Riboseek.
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only one unique sequence. RNAflash-A only used seed alignments which are manually curated to ensure
data quality. To separate training and test families, the Rfam training set includes only families without
experimentally determined 3D structures and contains 4,031 families.

Rfam validation set. 10% of RNA families (402 families) in Rfam training set are randomly held out
for model validation, ensuring that the training and validation sets contain disjoint families. The other 3,629
families are used for training.

Rfam test set. Families with at least one experimentally determined 3D structure are held out as the
test set (155 families). This family-level split ensures that training and test sets contain no overlapping
families, allowing us to evaluate whether RNAflash generalizes to homologous relationships within families
unseen during training. Restricting the test set to structurally characterized families also matches our later
evaluation, where all query RNAs have known tertiary structures.

RNA 2D structure prediction benchmark. For evaluation of MSA quality, we use a benchmark set
collected from RNAsolo, which is a curated database of RNA three-dimensional structures that integrates
experimentally determined RNA-containing structures from the Protein Data Bank (PDB) and provides
standardized sequence, 3D structure and 3D-structure-derived secondary structure information for RNA
molecules. We choose the representative RNA set provided by RNAsolo with a resolution of 4.0 A or better.
Structures containing multiple RNA chains or RNA assemblies composed of multiple interacting subunits
are excluded, and redundant sequences are removed using MMseqs2 with a sequence identity threshold of
80%. The filtering steps yield a final set of 174 RNA queries. Eight queries have no annotated base pairs
and are excluded from coupling and covariation analyses.

RNA 3D structure prediction benchmark. The 2D structure dataset is also used as a tertiary struc-
ture prediction benchmark, but only sequences released after 2022 are selected to prevent data leakage, as
AlphaFold3 and Protenix-v2 are both trained with structures released before 2022. The dataset consists of
51 structures. We also use Foldbench, a dataset designed to evaluate the accuracy and generalizability of
structure prediction models, and select the 12 single-chain RNAs in the dataset for evaluation.

4.2 RNAflash-R for fast RNA search

RNAflash-R, the retrieval encoder in RNAflash, uses pretrained ERNIE-RNA[20] as its backbone. ERNIE-
RNA is a BERT-based RNA language model pre-trained on non-coding RNA sequences from RNAcentral[24].
It incorporates a base-pairing-informed, all-against-all pairwise attention bias into the self-attention mech-
anism, thereby learning structure-enhanced representations without requiring explicit secondary-structure
annotations and providing both token embeddings and attention maps.

For an RNA sequence ¢ of length L, the ERNIE-RNA backbone first extracts nucleotide embeddings
H ¢ RY%4 The embeddings are projected to 256 dimensions through an MLP, averaged over sequence
length and L2-normalized to obtain a dense sequence embedding q. Queries longer than 1022 nt are trun-
cated to 1022 to fit the maximum input length of ERNIE-RNA. The sequence similarity is computed as the
dot product

s(q,d;) = q’d;, (1)

where d; is the sequence embedding of the ¢-th sequence in the database. Before homolog retrieval, the
database is encoded using the same pipeline, with sequences longer than 1022 discarded. Also, a FAISS
inverted-file (IVF) index is constructed over the database vectors, yielding 16,384 learned clusters. At
retrieval time, the search proceeds at the cluster level. The database index first locates the nearest clusters
and then retrieves the top k closest vectors within these clusters. The retrieved vectors are finally mapped
back to the original sequences, which are written to an output file.
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To enable homology retrieval, we fine-tuned the entire model under a MoCo-style contrastive frame-
work. A FIFO queue {(k,, fam(n))}X_; stores K sequence embeddings with their family labels. Queued
embeddings from the query’s family are excluded from the negative set. The query encoder, including its
backbone and projection head, is updated by backpropagation, while the key encoder is initialized from the
query encoder and updated only through the exponential moving average (EMA) as

O, < mby + (1 — m)By, m = 0.999, 2)

where 6, and 6, are the parameters of the query encoder and key encoder, and m is the update momentum.
Each training batch contains B sequence pairs {(g;, k;)} 2., from different homologous families, where ¢;
and k; are sequences randomly chosen from the same family, used as the query and key sequences, respec-
tively. At each training step, the query encoder and key encoder map query sequences and key sequences to
sequence embeddings, {q;}2 | and {k;}2 ;. For query ¢;, the positive is its in-pair key ;, and the negatives
are the other B — 1 keys in the batch, together with negative keys from a FIFO queue. The InfoNCE loss
for pair i is

exp(q; ki/7)
exp(q; ki/T) + Z]’B;éi exp(q; k;/7) + zgm(n);éfam(i) exp(q; kn/T)

Li = —log 3)

where T is a learnable temperature parameter, and the total loss is averaged over the B pairs.

Unlike nhmmer and other algorithms, RNAflash-R compares averaged embeddings of entire sequences
without explicitly performing local alignment. Therefore, we additionally introduce random nucleotide
flanks during training to encourage retrieval of sequences containing homologous regions despite unrelated
flanking subsequences. Random nucleotide flanks are added to both sequences in a sampled pair with prob-
ability 0.5. For each sequence, the total flank length is sampled uniformly from zero to 20% of the original
sequence length and capped to keep the augmented sequence within 1,022 nt. The flanks are randomly
distributed between the 5’ and 3’ ends, with each added nucleotide sampled uniformly from A, U, C and G.
This augmentation improves the recovery of nhmmer hits across retrieval depths (Supplementary Figure 5).

4.3 RNAflash-A for fast RNA alignment

RNAflash-A is the reranking and alignment module. It uses the secondary-structure-prediction version of
ERNIE-RNA as the backbone. The backbone is frozen, and we train a downstream module for reranking
and alignment. The module consists of a transformer encoder, a cross-attention module, and two MLP heads
for reranking and alignment.

At inference time, given a query sequence ¢ and target sequences {ti}f\il, RNAflash-A first extracts
nucleotide embeddings H, € REaxd [, € RE4*4 and predicts secondary structure using the backbone.
The nucleotide embeddings are projected by the transformer encoder, and then merged into a cross feature
C; € REa*Le;xh yging multi-head cross-attention scoring. The residue-pair alignment score matrix S; and
reranking logit r; are computed from Cj; by alignment head and reranking head. S; is then augmented by
secondary structure in a lightweight approach:

S; = Si + P,S;P,, 4)

where P, and P, denote the predicted secondary structure pairing matrices of the query and target sequence.
The reranking logit is converted into a reranking score p; = o(r;) and targets with p; < threshold are filtered
out. For the remaining targets, the optimal residue correspondence is obtained by dynamic programming on
S;, followed by alignment construction. The retained targets are finally ranked according to p;.
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Algorithm 1 Inference of RNAflash-A

Require: Query sequence g, target sequences 7 = {ti}i\;p model f, threshold 7
Ensure: Ranked target sequences with alignments
(Hy, Ay) < Backbone(q)
P, <~ SSHead(A,)
E, < Encoder(H,)
(Ht, At) < Backbone(T)
E; < Encoder(Hy;)
C < CrossAttention(Ey, E;)
(Su 71) A fhead(C)
Pt — SSHead(At)
S« S+ PSP,
p<o(r)
R+ @
for each target t; with p; > 7 do
M; + DP — Decode(S;) {Algorithm 2}
(gi, t;) < BuildAlignment(q, t;, M;)
R < RU{(g,t;:pi)}
end for
R <+ SortDescending (R, p)
return R

During training, each sample contains a query RNA sequence ¢, a set of homologous targets {1&:r }f;l, an
equal-sized set of non-homologous targets {t;” B | and reference alignment matrices for homologous pairs.
RNAflash-A predicts a reranking score for each query-target pair, and a residue-pair alignment score matrix

LgxL . -
for homologous pairs. Let A; € {0, 1} “"f be the reference alignment matrix, A; = o(S;") the predicted
alignment probabilities, and pl?t = a(rl?t) the homology probabilities. We define weighted BCE as

ly(y,p) = —wylogp — (1 —y)log(1 — p), ©)
and the three losses are defined as
1 B 1 q Lt;r )
£ai n — 55 l Aiu'ua Aiuv 5 6
lig: B;LqLﬁ;; 100( ) (6)
1 B
Lhom = ﬁ z; [61(1apz+) + gl(oap;)] ’ (7
1 B
Lrank = Ezmax(o,ﬂ—rj +r7), 8)
i=1

where 1 is the ranking margin, and padding and special tokens are excluded from alignment loss. The total
objective is L = AgLajign + AnLhom + ArLrank-

4.4 Benchmark baseline methods

To evaluate the sensitivity of RNAflash in homologous RNA retrieval and the quality of the resulting MSAs,
we use six established methods for comparison:
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Algorithm 2 Dynamic programming decoder for residue correspondences

Require: Alignment score matrix S € R™*™ for the m query and n target nucleotides
Ensure: Ordered set of matched nucleotide positions M
Initialize score matrix D € R("+1Dx(n+1) and traceback matrix 7' to zero
for i =1tomdo
for j =1tondo
u< D1l < Djj_15d < Di_1;-1+ 5j;
if w > [ and u > d then
Dij — Uu; T%j <— up
elseif [ > wand ! > d then
Dij — l; T’ij < left
else
Dij «— d; ﬂj — d1ag
end if
end for
end for
M []; (i, ) < (m.n)
while ; > 0 and 5 > 0 do
if T;; = diag then
Append (i,j) to M; (i,7) < (i — 1,7 — 1)
else if 7;; = left then

J—g—1
else
14—1—1
end if
end while

return Reverse(M)

* MMseqs2. MMseqs? is a fast sequence search tool for efficient large-scale sequence comparison. It
combines k-mer-based prefiltering and ungapped alignment with local sequence alignment to identify
homologous sequences in large databases.

* BLASTN. BLASTN is a widely used nucleotide sequence search algorithm that identifies local se-
quence similarities through a heuristic seed-and-extend strategy. It detects homologous regions based
on sequence information without explicitly considering RNA secondary structure.

* nhmmer. nhmmer is a profile hidden Markov model (HMM)-based nucleotide homology search tool
implemented in the HMMER package. It uses probabilistic sequence profiles to identify homologous
regions, providing improved sensitivity for detecting divergent nucleotide sequences.

* Riboseek. Riboseek is a nucleotide homology search and alignment method that represents sequences
as overlapping di-mers. It uses a pipeline similar to that of MMseqs2 and supports iterative profile
refinement to improve the detection of remote homologs.

* Infernal. Infernal is an RNA homology search and alignment tool based on covariance models (CMs),
which jointly capture sequence conservation and RNA secondary structure. By modeling conserved
base pairs, it enables structure-aware detection and alignment of homologous RNAs.
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* RNAcmap. RNAcmap is an automated pipeline for RNA homolog search and MSA generation, orig-
inally developed for evolutionary coupling-based contact prediction. It combines an initial BLASTN
search with secondary structure prediction and subsequent covariance model-based searching using
Infernal to identify additional RNA homologs.

To ensure a fair comparison, thresholds of all algorithms were set above their defaults in the retrieval
test. The E-value threshold is set to 10 for MMseqs2 (its default threshold is le-3), and 10000 for other
algorithms. For database search, the parameters of each algorithm are set as default. The structure used
in Infernal is predicted by RNAfold, which is also the source of structure information in RNAcmap. All
experiments were conducted on a server equipped with two Intel Xeon Silver 4216 processors running at
2.10 GHz (32 physical cores and 64 threads in total), approximately 188 GiB of system memory, and 1
NVIDIA GeForce RTX 3090 GPU, running Ubuntu 16.04.6 LTS.

4.5 Performance metrics

To evaluate the quality of the generated MSAs, we use NEFFy, plmc and R-scape. NEFFy is a tool for
computing the effective sequence count in an MSA. We normalize this count by the square root of the query
length:

1 & 1
Neff = — ,
VL Z L4 30 1 i [Smn > 6]

where L is the length of the query sequence, N is the depth of the MSA, S,, ,, is the similarity between
sequence m and sequence n in the MSA, 6 is the similarity threshold. When S,,, , > 6, IS, , > 0] = 1.
Otherwise, ISy, , > 6] = 0.

Plmc is used to analyze evolutionary couplings in an MSA. It fits a global maximum-entropy model
to the input MSA by pseudolikelihood maximization with L2 regularization, yielding single-site fields and
pairwise coupling parameters. R-scape is used to assess whether the MSA provides statistically significant
evidence for an evolutionarily conserved RNA secondary structure. It computes pairwise covariation statis-
tics for alignment columns and evaluates their significance against simulated null alignments. Both methods
generate scores for pairs of alignment columns, and these scores are used to calculate an AUPRC against
true secondary structure.

©)

Code Availability

Source Code of RNAflash is available on GitHub (https://github.com/AcetoneChen/RNAflash).

Data Availability

Datasets for the evaluation of RNAflash are available at https://zenodo.org/records/23599961.
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