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The directed evolution of biomolecules is an iterative process. Although
advancements in language models have expedited protein evolution,
effectively evolving RNA remains a challenge. RNA aptamers, selected for
their binding properties, provide anideal system to address this challenge,
yet traditional aptamer discovery still relies on labor-intensive, multi-round
screening. Here we introduce GRAPE-LM (generator of RNA aptamers
powered by activity-guided evolution and language model), a generative
artificial intelligence framework designed for the one-round evolution

of RNA aptamers. GRAPE-LM integrates a transformer-based conditional
autoencoder with nucleic acid language models and is guided by CRISPR-
Cas-based aptamer screening data derived fromintracellular environments.
We validate GRAPE-LM on three disparate targets: the human T cell receptor
CD3g, the receptor-binding domain of the SARS-CoV-2 spike protein and the

human oncogenic transcription factor c-Myc (an intracellular disordered
protein). GRAPE-LM, informed with only a single round of CRISPR-
Cas-based screening, successfully obtains RNA aptamers that outperform
those driven from multiple rounds of human selection and optimization.

The directed evolution of biomolecules, particularly RNAs and pro-
teins, plays a pivotal role in the development of novel therapeutics,
biosensors and other functional biomolecules'. Integrating computa-
tional methods, especially artificial intelligence (Al), can enhance these
processes®™*. For example, EVOLVEpro® has demonstrated that protein
evolution can be accelerated through the integration of protein lan-
guage models (LMs) trained on experimental data. However, a parallel
exploration of RNA evolution remains largely untapped, particularly in
areasbeyondits predictable coding capacity, suchasits complex and
less understood binding interactions.

RNA aptamers®, defined by binding affinity to specific targets,
provide amodelfor studying the evolution of RNAs for binding beyond
predictable coding”’. Traditionally, aptamer selection relies on sys-
tematic evolution of ligands by exponential enrichment (SELEX)".
This procedure is highly manual and labor intensive. Moreover, the
selection process is conducted in solution, thus lacking biological
relevance. These challenges underscore the need for aptamer evolution
methods toselect aptamers with functionality and efficacy in cellular
contexts. CRISmers (CRISPR-Cas-based aptamer screening system),
anintracellular system, was recently developed in our laboratory". This
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approach accounts for factors such as intracellular competition, fold-
ing dynamics and interaction specificity, offering a more biologically
relevant context for aptamer discovery. An independent study from
Su-Tobon et al.”” echoed the power of intracellular aptamer screening
using the CRISPR-Cas system. However, these aptamer selection meth-
ods still rely on tedious rounds of human operation, resulting in low
throughput. Additionally, the aptamer selection library of CRISmers
isrelatively small due to limitations in transfection efficiency and the
limited capacity of cells to uptake the sequences, potentially missing
alarge population of relevant sequences.

Computation-based approaches have facilitated the process of
aptamer evolution. For example, RaptGen® and AptaDiff'* combine
generative Al models with SELEX data to generate new active aptam-
ers. RhoDesign" leverages structural data to guide the generation of
RNA aptamers through a transformer-based framework of reverse
folding'*™'®. Apta-MCTS", AptaTrans®® and AptaBLE” integrate an
aptamer-protein interaction prediction model and reinforcement
learning with Monte Carlo tree search (MCTS) to actively explore prom-
ising aptamer sequence spacesinformed by target proteins. Together,
these methods underscore the potential of Al to enable de novo design
of functional aptamers through computational prediction. However,
current Al-driven approaches for aptamer generation still face nota-
ble limitations. For instance, although RaptGen and AptaDiff employ
sequence patterns to map aptamer characteristics, they cannotinde-
pendently produce high-activity candidates. This method requires
supplementary computational tools—such as DeepBind* for bind-
ing affinity analysis and Bayesian optimization algorithms—to fil-
ter and refine its outputs. RhoDesign relies on preexisting aptamer
structures astemplates to guide new designs, which limitsits broader
application due to sparse availability of RNA structure data”**. Conse-
quently, thereis aneed to explore alternative approaches to mitigate
these constraints.

Here we present GRAPE-LM, a generative framework that incor-
porates the nucleic acid LM and a transformer-based conditional
autoencoder (CAE) to evolve RNA aptamers. GRAPE-LM uses next-
generation sequencing (NGS) enrichment data from CRISmers, ensur-
ingbiologically relevant outputs. The framework surpasses variational

autoencoder (VAE)"”, masked language modeling* and diffusion® in
generating diverse or active aptamer sequences. Notably, a one-shot
iteration using GRAPE-LM informed by a single round of CRISmers
successfully evolved RNA aptamers that exhibit higher binding
activities than previously published aptamers from the traditional
methods of multiple-round screening and optimization. This achieve-
ment was demonstrated with three disparate protein targets: the
human T cell receptor CD3¢ (hereafter ‘CD3¢’), the SARS-CoV-2 spike
receptor-binding domain (RBD) (hereafter ‘RBD’) and the human c-Myc
transcription factor (anintracellular disordered protein). GRAPE-LM
requires no prior knowledge of aptamers and can initiate RNA evolu-
tion using a relatively small starting library (approximately 2 x 10%),
using Al's generative power to produce numerous functional sequence
candidates. This contrasts with traditional SELEX methods that require
alargeinitial library (normally 1 x 10*7) to achieve meaningful results.

Results

Framework of GRAPE-LM

Different from VAE, diffusion or reverse folding frameworks"” ", GRAPE-
LMuses CAE (Fig.1a),amorestraightforward and effective deep-learning-
based framework (Extended Data Fig. 1a), to evolve RNA aptamers
guided by quantitative NGS enrichment data (Supplementary Table 1)
from CRISmers (Extended Data Fig. 1b). The CAE outperforms VAE
and masked language modeling frameworks in terms of generated
diversity (Fig. 1b). Although the diffusion framework generates diverse
sequences effectively, itsinherent denoising training scheme prevents
incorporatingactivity guidance modules. This limitationis evidenced
by poor performance in Pearson’s correlation coefficient (Fig. 1c).

Incorporation of LMs. To validate the impact of LM integration in
GRAPE-LM, we conducted ablation experiments comparing eight
configurations: two non-LM controls (long short-term memory (LSTM)
network encoder and convolutional neural network (CNN) encoder,
with one-hot coding) and six variants using distinct nucleic acid LMs,
namely RNA-FM?, RNA-BERT?, RNAErnie*, EvoFlow-RNA?’, RINALMo™
(seeSupplementary Fig.1afor the network architectures of these RNA
LMs) and Evo® (see Supplementary Fig. 1b for its network architecture).

Fig.1|Illustration of GRAPE-LM and computational results. a, Overall
framework of GRAPE-LM, a novel generative framework using a CAE powered

by anucleicacid LM to evolve RNA aptamers. GRAPE-LM comprises three
components: LM-powered encoder, whichembeds RNA sequences intoa
continuous latent semantic space; activity guidance module, which constrains
the latent space to organize the RNA sequences according to their pseudo-
activity levels, enabling targeted sampling; and transformer-based decoder,
which generates novel RNA aptamer candidates by sampling from potential
high-activity regions of the latent space. During training, the backbone LM is
frozen (snowflake symbol), and only the adapter is fine-tuned. Input datawere
generated by CRISmers" unless otherwise noted. Icons in figures were created
with BioRender.com. b, Comparison of generative frameworks for CD3e and
RBD. The generated diversity was calculated based on the samples generated by a
model and the seed sequences. ¢, Comparison of CAE and diffusion frameworkin
terms of activity guidance. The effectiveness of activity guidance was measured
by Pearson’s correlation coefficient (Pearson’s r) between the predicted pseudo-
activity score and the ground truth derived from CRISmers. d, The ablation study
of thenucleic acid LMs on GRAPE-LM. The recovery rate was calculated using a
model on the test set (n = 6,499 samples for CD3g, n = 7,740 samples for RBD). The
statistical analysis was conducted by a two-sided Student’s t-test using RNA-FM as
the baseline (***P < 0.0001). e, f, Comparison of GRAPE-LM with different nucleic
acid LMs in terms of generated diversity and Pearson’s correlation coefficients

in pseudo-activity prediction. g, The average time required for GRAPE-LM

with different LMs to generate a 20-length RNA sequence with the same GPU
resources. h, Evaluation of GRAPE-LM activity guidance. The precision-recall
curve of predicted pseudo-activity score on the test setsillustrates the model’s
hit rate under different readout thresholds. The random control refers to a

model without activity guidance training (w = 0). The scatter plot shows the
effectiveness of GRAPE-LM’s activity guidance. The Pearson’s correlation
coefficient is used as an evaluation index for the effectiveness of GRAPE-LM
activity guidance. i, Comparison of generated diversity between GRAPE-LM and
other methods. j, The time required to generate 5,000 RNA sequences of length
20 using different methods on the same device. k, Comparison of generation
rationality between GRAPE-LM and other methods via GC content (n = 5,000
generated samples). The top 2,000 leads from pre-Al as a reference. Statistical
significance was assessed by unpaired Welch’s two-sided ¢-test (****P < 0.0001;
**P < 0.01).1, Comparative performance of GRAPE-LM and other methods on
datasets from SELEX targeting human transglutaminase 2 (Data A) and human
integrin avB3 (Data B) used by the creators of RaptGen®. The rectangular boxes
inthe box plot (d and k) represent the range of quartiles of the data, where the
center line represents the median and the upper and lower edges represent

the upper and lower quartiles, respectively. The line above the rectangular

box represents the maximum value of the data; the line below represents

the minimum value of the data. Data plot mean with s.d. (n = 3 experimental
replicates (b, ¢, e, f,iand1)). The statistical analyses were conducted using a
two-sided Student’s t-test (****P < 0.0001; ***P < 0.001; **P < 0.01; *P < 0.05). All
runtime evaluations were under identical hardware and the same settings with a
computing node equipped: one AMD EPYC 7642 CPU (512 GB RAM memory) and
one NVIDIARTX 4090 GPU (24 GB). Sampling and generation were performed
using the same batch size (per-sequence rollout) and settings (one thread) across
allmodels. No model-specific acceleration or customized inference optimization
was applied beyond the standard PyTorch implementation. We reproduced the
competing models strictly following the authors’ publicly released codes.
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The results on CD3¢e and RBD show that integrating nucleic acid LMs
into GRAPE-LMimproves therecovery rate of RNA aptamer generation
compared to non-LM approaches (Fig. 1d). This demonstrates that
latent spaces powered by apretrained LM, especially RNA LMs, better
capture functional sequence features.

The non-LM approach, CNN-based encoder, achieved reasonable
performance and even outperformed Evo in terms of recovery rate
(Fig.1d). Thisis likely because CNNs are sparse and computationally
efficient architectures that excel at capturing local sequence pat-
terns, enabling them to learn useful representations directly from
sequence data. However, GRAPE-LM variants equipped with RNA LMs
produced better results and consistently outperformed both non-LM

controls and Evo, reflecting the advantage of pretrained contextual
representations in capturing global dependencies and functional
features in RNA sequences. Notably, all tested RNA LMs achieved
similarly good recovery rate and diversity for both target proteins
(Fig.1d,e). When evaluated using the Pearson’s correlation coefficient
(Pearson’s r) between predicted activity scores and pseudo-activity
scores, the RNA LMs demonstrated superior performance over the
Evo model (Fig. 1f).

Although a diverse array of RNA LMs is equally viable (Fig. 1d—f),
we selected RNA-FM due to its high computational efficiency on the
same hardware and settings (Fig. 1g), considering the high-throughput
requirements of the generative task.
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Integration with activity guidance. Unlike conventional sequence
similarity-based latent space” (Extended Data Fig.1a), we introduced
an activity guidance module between the encoder and decoder to
constrain the latent space (Extended DataFig. 1b), enablingit to organ-
ize the RNA sequences according to their pseudo-activity levels. To
evaluate the efficacy of the activity guidance strategy, we constructed a
control model of GRAPE-LM by ablating the activity guidance (without
guidance) while retaining all framework components. Both repre-
sentative GRAPE-LM (with RNA-FM or Evo) and the controlmodel were
tested on two targets: CD3¢e and RBD (Fig. 1h). Removing the activity
guidanceled to the modellosing its ability to distinguish betweenrela-
tively high and low activity and degenerating into a random guessing
level. By contrast, the complete GRAPE-LM model can determine the
pseudo-activity level of sequences and achieve pseudo-activity pre-
diction consistent with CRISmers screening on the test set (Pearson’s
correlation coefficient greater than 0.5; Fig. 1h). These results indicate
that the activity guidance strategy can structure the latent space and
enhance the model’s ability to encode aptamer functional features.

To directly investigate the role that activity guidance may play
in defining the latent space, we further evaluated different activ-
ity guidance loss weights and visualized the resulting latent space
via t-distributed stochastic neighbor embedding (t-SNE) applied to
GRAPE-LM’s encoder outputs. The visualization of the latent vectors
(Extended Data Fig. 2) revealed that increasing the activity guidance
weight enhanced separation between high-ranking and low-ranking
activity samples while driving generated sequences toward top active
clusters—the latent spaces of the models without guidance (w = 0) or
insufficient guidance cannot achieve this. Notably, complete reliance
on activity guidance (w =1, eliminating sequence reconstruction)
caused generated sequences to diverge from natural distribution
patterns despite maintaining activity discrimination. These results
validate the critical role of the activity guidance strategy in encod-
ing activity-relevant patterns within the latent space and emphasize
the necessity of the CAE framework’s dual optimization objectives:
sequence generation and pseudo-activity guidance.

Comparison with other state-of-the-art methods for aptamer
generation

Tobenchmark the performance of GRAPE-LM, we compared it (RNA-FM
as the representative) to four existing methods, including RaptGen®,
AptaDiff*, Apta-MCTS" and AptaTrans*’. We evaluated and compared
different methods on CD3e and RBD targets. Because Apta-MCTS
and AptaTrans depend directly on target protein sequences, whereas
AptaDiff functions via iterative denoising, the recovery rate metric
cannot be reliably applied to any of these methods. Therefore, only
RaptGen and GRAPE-LM were evaluated by the recovery rate, and
GRAPE-LM consistently outperformed RaptGen (Extended DataFig. 3a).
Inaddition, GRAPE-LM outperformed three competing methods (Rapt-
Gen, AptaDiff, and Apta-MTCS) in terms of generated diversity (Fig. 1i).
AptaTransincorporatesabuilt-in selection strategy inits MCTS process
that filters out highly similar sequences, which resultsin greater diver-
sity compared to GRAPE-LM. However, thisimprovement is accompa-
nied by substantially higher computational cost (Fig. 1j). Onidentical
hardware with the same settings, GRAPE-LM generates 5,000 samples
injust 0.12 hours, whereas AptaTrans requires 17.96 hours. Consider-
ing the high-throughput demands of aptamer evolution, GRAPE-LM
provides acomplementary advantage in computational efficiency.
Moreover, in terms of rationality of generated sequences, GRAPE-LM
surpasses all four baseline methods by generating sequences with
substantially lower GC content deviation from reference sequences
(Fig. 1k).

Foranobjective comparison, we further evaluated different meth-
odsonthedatasets used by RaptGen, the SELEX data targetinghuman
transglutaminase 2 (Data A of Fig. 1) and human integrin av3 (Data
B of Fig. 11), respectively®*’, We divided each dataset into training

and testing setsin an 8:2ratio. Then, we retrained GRAPE-LM with the
training set and evaluated it comparatively with other methods onthe
testset. Theresults are consistent with those of CD3g and RBD targets
(Fig. 1i and Extended Data Fig. 3b). These findings also highlight that
GRAPE-LM can be trained using data from conventional SELEX for
aptamer evolution, demonstrating its generalizability.

Evolution of RNA aptamers with GRAPE-LM

To evaluate the capacity of GRAPE-LM to evolve RNA aptamers, we
performed a pooled quantitative assessment based on CRISmers for
sequenceoutput libraries generated from GRAPE-LM (with RNA-FM or
Evo) on two targets, CD3e and RBD, respectively (Fig. 2a). To mitigate
redundancy and experimental bias, we applied Cd-hit* with an 80%
similarity threshold to establish non-redundant sequence libraries
(Supplementary Table 2) from cost-efficient evaluations of 10,000
(with RNA-FM) and 10,000 (with Evo) generated sequences.

Overall, CRISmers examination revealed that GRAPE-LM-generated
libraries exhibited an approximately tenfold higher retention rate than
random libraries on the CD3¢ target and an approximately 100-fold
higher retention rate thanrandom libraries on the RBD target (Fig. 2b).
Sequences generated by GRAPE-LM with the representing RNA-FM and
Evo showed similar overall retention rates. Read counts in CRISmers
NGS data quantitatively represent relative RNA binding activity to
its target. Therefore, we further quantified sequence enrichment
with both the proportion of sequences with top read counts and their
average read counts to gain insights into functional contexts. The
sequences from GRAPE-LM with RNA-FM showed higher enrichmentin
topreads andread counts thanthose fromthe model with Evo (Fig. 2c).
Theseresults align with the different pretraining data of the two LMs:
RNA-FM pretrained specifically with binding-related noncoding RNAs
resulted in greater possibility of producing highly enriched aptamer
candidates compared to Evo pretrained with genomic data.

Todirectly compare computational and experimental approaches,
we performed a second-round iterative CRISmers screening using
results from the initial CRISmers screen. We evaluated to what extent
GRAPE-LM could recapitulate manual screening efforts by analyzing
the overlap between GRAPE-LM-generated candidates and the top
1,000 sequences of the highest read counts from the second-rounditer-
ative screen. Sequence similarity was quantified using Cd-hit (3-base
error tolerance). We evaluated the libraries generated by GRAPE-LM
sampling from the relatively high-activity and low-activity regions
of the latent space under different relative numbers (normalized by
diversity) of generated samples. As a control, we also evaluated the
sequencelibrary generated by AptaTrans, the best competing method
in terms of generated diversity (Fig. 1i,1). Due to the high time cost of
generating sequences using AptaTrans (approximately 18 hours for
5,000sequences, asshowninFig.1j), weonly compareditup toascale
0f100,000. By leveraging activity guidance from high-activity regions,
GRAPE-LM (h) captures substantially more of the top 1,000 validated
leads compared to AptaTrans and GRAPE-LM (1) (Fig. 2d). GRAPE-LM
(I) isinformed by low-activity aptamers. This enrichment efficiency
enables high-activity trained GRAPE-LM to identify promising can-
didates using fewer samples while achieving equivalent discovery of
high-potential molecules.

Benchmarking of GRAPE-LM-derived CD3¢e aptamer leads

Tofurther validate the above findings, we compared GRAPE-LM-derived
(post-Al) aptamer candidates against published CD3e-targeting
aptamers®* ¢ (Supplementary Table 3) and those identified through
pre-GRAPE-LM one-round CRISmers screening (pre-Al). Using a
CRISPR~-Cas-based luciferase reporter assay (Fig. 3a), we assessed the
top 50 post-Al aptamers (determined by read count; Fig. 3a). Among
these, 23 aptamers exhibited stronger luciferase activation, a proxy
for binding activity, than the best pre-Al candidates (pre-Al Lead1and
Lead 2; Supplementary Table 4). By contrast, manual second-round
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Fig. 2| Experimental validation of RNA aptamer evolution with GRAPE-LM.

a, Schematic of the workflow of CRISmers-based assessment for sequence
output libraries generated from GRAPE-LM (with RNA-FM* and Evo™) on two
targets, respectively. To mitigate redundancy and experimental bias, we applied
Cd-hit* with an 80% similarity threshold to establish non-redundant sequence
libraries from cost-efficient evaluations of 10,000 RNA-FM and 10,000 Evo
generated sequences (Supplementary Table 2). Iconsin figures were created
with BioRender.com. b, Retention rates of GRAPE-LM-generated and random
sequence libraries after one round of CRISmers examination. Retention rate is
defined as the fraction of enriched unique sequences relative to the total library
size. ¢, Comparative analyses of CRISmers output NGS data derived from models

with varying LMs. Statistical significance was assessed using two-sided Student’s
t-tests.d, The hit rates that cover the top 1,000 sequences obtained in the
second-round recycled CRISmers screening, by generating different numbers

of aptamer candidates using GRAPE-LM. The hit rates were calculated based
onsequence similarity with 3-base error tolerance using Cd-hit. The libraries
generated from AptaTrans, informed by the corresponding target protein, were
used as a control. The quantity of the generated sequences was normalized by
diversity, with redundant, highly similar sequences excluded from the count.
sgRNA, single guide RNA; GRAPE-LM (h), sampling from a relatively high-activity
region; GRAPE-LM (1), sampling from a relatively low-activity region.

CRISmers screening did not produce sequences with higher affinity
comparedto thefirst-round hits (Supplementary Fig.2). Many post-Al
aptamers surpassed previously reported sequences®° derived from
10 or 16 rounds of human selection and evolution (Fig. 3a).

To further test binding affinity and specificity, we employed an
independent flow cytometry assay using CD3-expressingJurkat T cells
(Supplementary Fig. 3a), an established method for evaluating aptam-
ers targeting membrane proteins in their native conformation**%,
Among these post-Al aptamer leads confirmed by luciferase
reporter assay, we focused on the top three (post-Al-19, post-Al-34
and post-Al-38; Supplementary Table 4) in luciferase reporter assay
(Fig.3a).Allthree leads showed higher binding activity to Jurkat T cells

than pre-Al Lead 1 and Lead 2 (Supplementary Table 4), which rep-
resent the best results prior to GRAPE-LM involvement (Fig. 3b and
Supplementary Fig. 3b).

To rigorously assess the binding affinity and specificity of the
selected aptamers, we generated two independent CD3e-knockout
Jurkat monoclonal cell lines via CRISPR-Cas9 (Supplementary
Fig.4a).Successful knockout was validated through Sanger sequencing
(Supplementary Fig. 4b,c) and monoclonal subcloning with genotyp-
ing (Supplementary Fig. 4d,f). Both clones were biallelic frameshift
mutants: clone 1 (Jurkat CD3¢e Ko 1) carried 4-base pair (bp) and 8-bp
insertions, and clone 2 (Jurkat CD3& Ko 2) carried 7-bp and 2-bp inser-
tions. The complete loss of CD3¢ expression in each monoclonal
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line was further confirmed by flow cytometry (Supplementary
Fig.4e,g), establishing them as robust negative controls for subsequent
specificity evaluation.

Dose-dependent binding assays conducted by flow cytometry
demonstrated that the post-Al aptamers exhibit high affinity and
specificity. The top candidate, CD3¢ post-Al-34, showed a dissocia-
tion constant (K;) of 53 + 12 nM, outperforming pre-Al leads (K  range:
360-692 nM), as well as previously reported CD3¢ aptamers derived
from multi-round SELEX, such asJZPO-10 (114 + 23.9 nM) and ZUCH-1
(69 +15.2 nM)*** (Fig. 3cand Extended DataFig. 4a,b). Specificity was
confirmed by negligible binding signals on CD3¢-knockout cells, which
were similar to background levels in negative controls. Al-designed
aptamers not only display robust affinity but also achieve markedly
higher specificity among three leads, notably outperforming the low
specificity observed in SELEX-generated lead ZUCH-1despiteits high
affinity observed in wild-type Jurkat cells. Physiologically relevant,
cell-based assays using CD3e-expressing and knockout cellsenabled a
head-to-head comparison of binding affinities between algorithmically
generated and experimentally derived aptamers.

To evaluate the structural and sequence novelty of the three
GRAPE-LM-generated aptamer candidates, we compared them
against previously published nucleic acid aptamers®*° (Fig. 3d using
AlphaFold 3 (ref. 39) and Supplementary Fig. 5a using Vfold*’, a
top model for RNA monomer prediction in CASP16 (ref. 41)). Both
sequence and structure alignments revealed minimal overlap
between the two groups. Then, we expanded this analysis to include
the top 50 post-Al GRAPE-LM-generated candidates and the top 50
pre-Al CRISmers-derived aptamers (Fig. 3e). Both the Vfold web-
server documentation and our empirical validation demonstrate
that certain input samples cannot be processed due to constraints
within the existing template database*’. Therefore, the structures
of all these aptamers were predicted using AlphaFold 3 (ref. 39).
Structural and sequence alignments again demonstrated negligible
overlap between the two groups. This divergence confirms the abil-
ity of GRAPE-LM to explore novel sequence and structural spaces
for aptamer evolution.

Notably, some post-Al aptamer leads (especially post-Al-15,
post-Al-17, post-Al-19 and post-Al-48) exhibited structural convergence
with pre-Alaptamer leads despite lacking sequence homology (Fig. 3e),
implying that the model may infer conserved structural motif's critical
for functionality. To further probe this, we extended sequence and
structure alignment to all enriched post-Al candidates and the pre-Al
top1,000. Then, we clustered the structural alignment results based on
template modeling scores (TM-scores) and arranged the correspond-
ing sequence alignments in the same order (Supplementary Fig. 5b).
Structural clustering revealed distinct high TM-score clusters, whereas
the corresponding sequence alignments showed no obvious aggrega-
tion. To quantify this difference, we binarized the structural alignment
results using the average TM-score as a threshold and applied the

same approach to sequence alignments using the average sequence
alignment score. We then calculated Shannon entropy* for the overall
structural and sequence alignments as well as for the high TM-score
clusters (50 x 50) and their corresponding sequence alignment regions.
The results showed a marked reduction in entropy within the high
TM-score structural clusters, whereas the entropy of the correspond-
ing sequence regions remained nearly unchanged compared to the
overall values. Taken together, these results suggest that structural
convergenceindeed occurs between GRAPE-LM-generated sequences
and pre-Al sequences, independent of sequence similarity.

As for case studies, we visualized the sequence patterns of
four post-Al top hits and their structurally matched counterparts,
respectively. The results show that there are potential conserved
regions within each cluster (Fig. 3g). Interestingly, post-Al-19, one
of the top three post-Al leads, displayed structural homology to
five pre-Al aptamer leads but without sequence similarity (Fig. 3f,
Supplementary Fig. 6 and Supplementary Table 4). Molecular dock-
ing (HDOCK*) of post-Al-19 with human CD3¢ (Protein Data Bank
(PDB): 1XIW) localized the conserved pattern to binding regions of
the aptamer (Fig.3g,h).

Validation of GRAPE-LM on RBD

Wealso applied the framework to evolve aptamers targeting a protein
ofviral origin: RBD. Sequence and structural comparisons between the
top 50 post-Al GRAPE-LM-generated aptamers and the top 50 pre-Al
CRISmers-derived candidates revealed minimal overlap (Fig. 4a), mir-
roring trends observed in the CD3¢e-targeting analysis.

Building on the success of GRAPE-LM in generating highly active
CD3e-targeting aptamers, we functionally validated the top 20
SARS-CoV-2RBD candidates (ranked by sequencing read abundance)
using the CRISPR-Cas-based luciferase reporter assay (Fig. 4b; see
Fig.3aforillustration). More than half of the top 20 GRAPE-LM-derived
aptamers outperformed two representative RNA aptamers (RBD-PB6
(ref. 44) and CoV2-6C3 (ref. 45); Supplementary Table 3), which were
respectively derived from traditional 8-round and 13-round SELEX
campaigns. These two benchmark aptamers were selected due to
their highest level of signal in a previously analyzed set of published
aptamers targeting RBD". In addition, luciferase activation of the top
50 most frequent sequences obtained from one round of CRISmers
screening prior to GRAPE-LM involvement was markedly lower thanthe
benchmarking RBD post-Al-14 (Fig. 4b and Extended Data Fig. 5a). The
effects of GRAPE-LM were visually characterized through parallel green
fluorescent protein (GFP) reporter assays conducted by substituting
luciferase with GFP (Fig. 3a), enabling quantitative affinity evaluation
via flow cytometry. When benchmarking the pre-GRAPE-LM control
library against its Al-engineered counterpart, GRAPE-LM, flow cytom-
etry analysesrevealed substantially higher fluorescence intensity inthe
GRAPE-LM output population, indicative of successful enrichment for
high-expressing cells (Extended Data Fig. 5b).

Fig. 3| Benchmarking GRAPE-LM-derived aptamer leads targeting CD3¢. a,
Schematicillustration of the mechanism of action of the CRISPR-Cas-based
luciferase activation system to quantify aptamer binding activity and the
benchmarking results of previously published pre-Aland GRAPE-LM-generated
leads. Data plot mean with s.d. (n = 3 biological replicates). Iconsin figures were
created with BioRender.com. b, Flow cytometry results targeting CD3e-positive
human T-cell-derived Jurkat cells. Data show mean with s.d. (n = 3 biological
replicates). ¢, Dose-dependent flow cytometry analyses of the Cy5-labeled

CD3¢e aptamers onJurkat cells. CD3e-knockout cells (Jurkat CD3e Ko 1 (this
panel) and CD3¢ Ko 2 (Extended Data Fig. 4a)) serve as negative control to assess
binding specificity. Data show representative flow cytometry plots from three
independent experiments (n = 3 biological replicates). d, The comparison results
of the sequence and structural similarity between the aptamer candidates
confirmed by flow cytometry and existing nucleic acid aptamers. The structural
similarity was calculated using US-align®, and sequence similarity was calculated

using Clustal Omega®. The fixed flanking sequences of aptamers were not used
insequence or structure alignment. e, The results of the sequence and structure
alignment between top 50 GRAPE-LM-generated (post-Al) candidates and top 50
pre-Al CRISmers-screened aptamers (ranked by sequencing read abundance).
Allthe structures were predicted using AlphaFold 3 (ref. 39). f, lllustrations of the
three-dimensional structures of CD3e post-Al-19 and its top three structurally
matched counterparts (Supplementary Table 4) using PyMOL. Each pair shares
structural similarity but no sequence homology. Neither sequence nor structure
alignment scores took account of the fixed flanking sequences. g, Visualization
of sequence patterns using WebLogo 3 (ref. 63). Each logo visualizes the multiple
sequences derived from a post-Allead and its structurally matched counterparts.
h, Visualization of the binding conformation and binding region of post-Al-19
with CD3¢ target (PDB: 1XIW) predicted by HDOCK*. NC, negative control RNA
aptamer; RMSD, root mean square deviation; sgRNA, single guide RNA; Clustalo,
Clustal Omega.
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We next employed microscale thermophoresis (MST; Extended
DataFig. 6a)* to quantitatively evaluate the binding affinity of aptamer
leads generated by GRAPE-LM against both pre-Al sequences and
independently validated benchmarks from previous publications
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and Supplementary Table 4), demonstrated superior binding affinity
compared to their pre-Al counterparts (Ky = 61.7 + 7.4 nM (post-Al-14)
versus 157.7 + 37.6 nM (pre-Al-10); K;=37.3 + 5.4 nM (post-Al-12) and
66.8 £10.4 nM (post-Al-4) versus 85.6 + 26.6 nM (pre-Al-37)). Good affin-
ity wasalso observedinapost-Allead (post-Al-2) (K; = 85+ 13.4 nM) with
lowsequence or structural similarity to any pre-Alaptamers, suggesting
that GRAPE-LM may be able to explore novel sequence space beyond
prior library constraints. Moreover, among the previously reported
SELEX benchmarks, K;values range from 64 + 4.3 nMt01.96 + 0.08 pM
(Extended Data Fig. 6b), with DSAIN1 recording the highest affin-
ity (K;=64 +4.3 nM). In comparison, our top GRAPE-LM-generated
RBD aptamers, such as post-Al-12 (K;=37.3 + 5.4 nM), achieved
affinities that were similar to or superior than the best among
these SELEX benchmarks (Extended Data Fig. 6b)"****752_ The
top lead post-Al-12 exhibited higher binding affinity than both the
second-round (K, = 74.1+ 16 nM) and the fifth-round (K; = 55 + 13.6 nM)
CRISmers-derived leads (Extended Data Fig. 6¢), highlighting the
potential of Al-driven design to replace multi-round experimental
iterations, including our CRISPR-based intracellular screening.

To further confirm the novelty of the three GRAPE-LM-generated
aptamer candidates, we also compared sequence and structural fea-
tures betweenthem and the RBD aptamer leads previously published
(Supplementary Table 3)"*454752 The results revealed distinct differ-
encesinbothsequence composition and three-dimensional structural
conformation between the GRAPE-LM-generated candidates and previ-
ouslyreported nucleicacid aptamersin SELEX studies, thus confirming
the structural and sequence novelty of our best leads compared to
previous efforts (Fig. 4e using AlphaFold 3 and Supplementary Fig. 7a
using Vfold).

In this study, we observed structural convergence between
GRAPE-LM-generated sequences and pre-Al designs in both RBD
(Supplementary Fig. 7b) and CD3¢ (Supplementary Fig. 5b), suggest-
ing that conserved motifs drive functional binding. To identify func-
tional motifs within our lead aptamers targeting CD3e and RBD, we
used RNAFold (ViennaRNA)* to predict their secondary structures
(Supplementary Fig. 8). All these functional aptamers contain struc-
tural motifs suchasinternalloops that might serve as critical determi-
nants for their binding aptamer function. As for case studies, binding
residues within these loopsin CD3¢e post-Al-38 and RBD post-Al-14, one
for each target, were mapped computationally using an integrated
approach combining AlphaFold 3 and HDOCK (Extended Data Fig. 7).
Functional validation was performed via site-directed mutagenesis,
introducing transversions between purines and pyrimidines (A < C
and G < U) atkey residues to maximize structural disruption through
altered base pairing and local architectural distortion®*. Mutagen-
esis of the predicted binding sites within the internal loops severely
impaired binding affinity for both aptamers (Extended Data Fig.7).In
CD3¢ post-Al-38, changing any one of these six bases impaired bind-
ing, increasing the K, (Extended Data Fig. 7a). The substitution of the
final cytosine for anadenine (C > A) had the strongest effect on asingle
mutant, markedly reducing affinity(K; =1.7 £ 0.6 uM). Disrupting all
six nucleotides simultaneously resulted in the greatest impairment,

with the K; rising to 3.1+ 1.1 pM. Notably, substituting merely a single
predicted contact site in RBD post-Al-14’s internal loop region caused
profound loss of target binding capability (Extended Data Fig. 7b).
These data underscore the essential role of these specific structural
featuresin mediating aptamer—target interactions.

We next evaluated the efficacy of GRAPE-LM-evolved aptamer
candidates in neutralizing SARS-CoV-2 pseudovirus (Fig. 4f). Focusing
on post-Al-12 and post-Al-14—the two top-ranked leads identified by
MST binding affinity (Fig. 4d)—we observed robust, dose-dependent
inhibition of pseudoviral infection compared to an irrelevant control
sequence. These Al-generated aptamers exhibited broad-spectrum
neutralization across multiple SARS-CoV-2 variants of concern, includ-
ing wide-type, Delta and Omicron, consistent with previous studies
demonstrating pan-inhibition capabilities of previous aptamer leads™ .

GRAPE-LM can target an intracellular disordered protein, c-Myc
Having demonstrated proof-of-concept efficacy on CD3¢ and RBD
targets, we extended GRAPE-LM testing to c-Myc**—an intracellular
disordered oncogenic transcription factor—to assess its broader appli-
cability across diverse molecular targets. This rigorous test case probes
platform robustness for challenging intracellular targets. The results
on c-Myc were consistent with the findings obtained for CD3¢ and
RBD in terms of computational performance metrics (Fig. 5a—d). The
CAE framework outperformed VAE, masked language modeling and
diffusion-based generative approaches (Fig. 5a). Incorporating RNA
LMs enhanced sequence generation quality (Fig. 5b). Furthermore, the
overall performance of GRAPE-LM measured by multi-metricsincluding
computational efficiency (Fig.1j) consistently outperformed four exist-
ing nucleic acid aptamer generation methods as benchmarks (Fig. 5c).
The effectiveness of the activity guidance mechanismin GRAPE-LM was
confirmed while targeting c-Myc (Fig. 5d). This validation was achieved
by analyzing precision-recall curves, comparing it against a model
without guidance and calculating the Pearson’s correlation coefficient
between the predicted pseudo-activity scores and the ground truth
data derived from CRISmers screening.

We further conducted wet lab experiments to validate the role
of activity guidance to GRAPE-LM and evaluate the performance
of different generative frameworks and methods (Fig. 5e-g), using
the CRISmers-based pooled assay (Fig. 2a). The results revealed
that sequences sampled from the relatively high-activity regions of
GRAPE-LM exhibited a retention rate twice as high as those sampled
from low-activity regions of the GRAPE-LM latent space (Fig. 5e), con-
sistent with their predicted pseudo scores (Supplementary Fig. 9a)
and latent spatial distribution (Supplementary Fig. 9b). This advan-
tage remained significant across different readout thresholds, meas-
ured by not only retention rate but also average read enrichment
(Fig. 5g). When we applied an additional filtration step using high
pseudo-activity scores predicted by GRAPE-LM (top 1,000 0f 100,000
GRAPE-LM-generated sequences, ranked by the pseudo-activity scores
predicted from GRAPE-LM), the retention rate of the selected sequences
onthec-Myctargetincreased by nearly 17 folds (Fig. 5f). These findings
further validate the functional role of activity guidance in GRAPE-LM.

Fig. 4| Validation of GRAPE-LM-derived aptamer leads targeting RBD. a, The
results of the sequence and structure alignment between top 50 GRAPE-LM-
generated (post-Al) candidates and top 50 pre-Al CRISmers aptamer leads (ranked
by sequencing read abundance). All the structures were predicted using AlphaFold
3 (ref. 39). The structural similarity was calculated using US-align®, and sequence
similarity was calculated using Clustal Omega®. The fixed flanking sequences were
notusedinsequence or structure alignment. b, Results of the luciferase reporter
assay (Fig. 3a) for top 20 post-Al aptamer candidates (ranked by sequencing read
abundance). Data plot mean with s.d. (n =3 biological replicates). ¢, Visualization
ofthe three-dimensional structures of the post-Al aptamer candidates
(Supplementary Table 4) that share sequence or structural similarity with pre-Al
leads (Supplementary Table 4) and elicit high level of activation in the luciferase

reporter assay. Neither sequence nor structure alignment scores took account of
the fixed flanking sequences. d, Results of K value determination for the above two
pre-Alaptamers and four post-Al aptamer leads (b) based on MST (Extended Data
Fig. 6a). The RBD is located within the S1subunit of the SARS-CoV-2 spike protein.
The S2 subunit of spike was employed as a negative control in MST to assess the
specificity of the aptamer. Data show mean * s.d. (n =3 biological replicates). e,
The comparative results of the sequence and structural similarity between the
aptamer candidates confirmed by MST (d) and existing nucleic acid aptamers.f,
Neutralizing activity of leading aptamers against the pseudo-SARS-CoV-2 variants.
Datashow mean ts.d. (n =3 biological replicates). ICs,, half-maximal inhibitory
concentration; NC, negative control RNA aptamer; RMSD, root mean square
deviation; Clustalo, Clustal Omega.
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In comparison, although the diffusion framework can generate
more novel and diverse RNA sequences (Figs. 1b and 5a), the lack of
effective activity guidance makes it difficult to ensure high activity
(Figs. 1c and 5a), resulting in only limited retention rates (Fig. 5e).

Similarly, no sequence generated by RaptGen was identified. Masked
language modeling framework achieved higher retention than diffu-
sion but still showed substantially lower performance compared to
GRAPE-LM’s CAE framework. GRAPE-LMs with multiple RNA-based LMs
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have achieved higher retention rates and outperformed the other four
high-throughput Al methods as well as RhoDesign, a low-throughput
inverse folding-based generative model. These results are consistent
with the computational results (Fig. 5a-d), underscoring the effective-
ness of GRAPE-LM.

To further evaluate the success rate of GRAPE-LM, we measured
therelative activation of the top 100 GRAPE-LM-derived (with various
RNA LMs) c-Myc aptamer candidates viaa comparative examination of
binding signal using the CRISPR-Cas-based luciferase reporter assay
(Fig.3a).Notably, 30 of the top 100 GRAPE-LM-derived c-Myc aptamers
(ranked by sequencing read abundance) outperformed two high-affinity
SELEX- derived aptamers from previous studies (c-Myc MA9 and c-Myc
MA9CI; Supplementary Table 3)*” and two top pre-Al leads (Fig. 5h,
Supplementary Fig. 10 and Supplementary Table 4). Higher affin-
ity was confirmed for all seven GRAPE-LM-generated aptamer leads
examined through MST analysis. With K, values ranging from 264 nM
to356 nM, they outperformed the leading pre-Al candidates (386-426
nM) and also surpassed the best previously reported SELEX aptamer,
MAO9C1, which served as our benchmark (662 + 78 nM) (Fig. 5i). All seven
GRAPE-LM-generated aptamer leads share minimal sequence or struc-
tural similarity between the two pre-Alleads and two published aptam-
erstargeting c-Myc (Supplementary Fig. 11), again verifying the novelty
of our post-Al leads. The successful generation of high-performing
c-Myc aptamer leads by multiple distinct RNA LMs, all outperform-
ing both SELEX benchmarks and pre-Al sequences, demonstrates the
compatibility of GRAPE-LM with diverse RNA LMs.

Discussion

In this study, we introduce GRAPE-LM, a generative Al frame-
work designed to accelerate the evolution of RNA aptamers
(Extended Data Fig. 8). Experimental validation across three distinct
targets—human CD3¢g, c-Myc and SARS-CoV-2 spike RBD—demonstrated
the ability of GRAPE-LM to obtain superior binders through just one
round of evolution compared to aptamer leads reported previously that
wereidentified after recycling for 6-16 rounds (Supplementary Table 3).
Specifically, our CRISmers + GRAPE-LM pipeline comprises two evo-
lutionary phases: physical evolution within cells followed by digital
optimization via LMs. This bifurcated approach fundamentally dif-
fers from traditional SELEX, which relies exclusively on real-world

selection without computational enrichment. This paves the way
for highly efficient creation of functional aptamers, eliminating the
need for labor-intensive and time-consuming rounds of selection by
human effort.

Recentadvancesin protein evolution have highlighted the power
of protein LMs combined with activity guidance’. Although this aligns
with our foundational concept, our GRAPE-LM method differs from
established frameworks, such as EVOLVEPro’. Instead of relying on
iterative site-directed mutagenesis, GRAPE-LM generates novel RNA
sequences de novo through latent space sampling, bypassing the
stepwise mutation approaches in EVOLVEPro. Moreover, GRAPE-LM
addresses critical limitations in recently published RNA aptamer
design methods"”">'** by combining a CAE with activity-guided con-
straints derived from experimental screening data. Unlike VAEs used
in RaptGen, which introduce randomness into sequence generation
andrisk, producing repetitive or non-functional outputs, GRAPE-LM’s
activity-guided CAE ensures that generated sequences remain func-
tionally relevant while exploring novel sequence spaces. This approach
prevents the model from converging on limited sequence patterns,
a common challenge in VAE-based methods>*®°. Although diffusion
frameworks show promise for peptide generation® and excellent
diversity in generated RNA aptamers™, they are presently challenged
to performactivity-guided generation. Thus, the diffusion framework
prioritizes sequence diversity and novelty, but its latent space con-
straints often limit functional relevance, resulting in a low retention
rate. By contrast, GRAPE-LM’s activity-guided CAE balances novelty
with functional optimization, enabling the generation of sequences
that are both diverse and biologically rational. This advantage is par-
ticularly evidentin low-resource scenarios, where GRAPE-LM requires
minimal experimental data—only one round of CRISmers screening
out of random sequence library—to generate high-affinity aptamers.

GRAPE-LMcircumvents the need for structural data, arequirement
for tools such as RhoDesign", which depends on prior knowledge of
RNA structures—a limitation given the challenges in accurate RNA
structure determination. By contrast, no prior knowledge is neededin
CRISmers+GRAPE-LM evolution, asarandom sequence libraryis used
for CRISmers screening. Approaches such as Apta-MCTS', AptaTrans®
and AptaBLE?, which combine aptamer-protein interaction predic-
tion models with reinforcement learning for target protein-guided

Fig. 5| Evaluations of GRAPE-LM on human c-Myc. a, Comparison of CAE with
different generative frameworks for generating RNA aptamers targeting c-Myc.
The generated diversity was calculated based on the samples generated by a
model based on the same seed sequences obtained from one-round CRISmers
targeting c-Myc. The effectiveness of activity guidance was measured by
Pearson’s correlation coefficient (Pearson’s r) between the predicted pseudo-
activity score and the ground truth derived from CRISmers on c-Myc. Data
show mean with s.d. (n =3 experimental replicates). Statistical analyses were
conducted using a two-sided Student’s ¢-test (***P < 0.001; **P< 0.01). b, The
ablation study of the RNA LMs on GRAPE-LM. The recovery rate measures the
ability of amodel to reconstruct sequences in the test set (n = 8,053 samples).
Diversity plot shows mean with s.d. (n = 3 experimental replicates). Statistical
analyses were conducted using a two-sided Student’s ¢-test (****P < 0.0001;
***P < 0.001). c, Comparison of computational performance between GRAPE-
LM and other methods. Diversity plot shows mean with s.d. (n =3 experimental
replicates). Statistical analyses were conducted using a two-sided Student’s
t-test (***P< 0.001; **P < 0.01). Generation rationality was measured by GC
content (n =5,000 generated samples). The top 2,000 leads from pre-Al were
used as areference. Statistical significance of GC content was assessed by
unpaired Welch'’s two-sided ¢-test (****P < 0.0001; *P < 0.05). d, The precision-
recall curve of predicted pseudo-activity score on the test setsillustrates the
model’s hit rate under different readout thresholds. The random control refers
to amodel that uses a prediction module randomly initialized without activity
guidance training (w = 0). The scatter plot shows GRAPE-LM activity guidance
effect on the c-Myc test set. The y axis represents the activity score predicted
by GRAPE-LM; the x axis represents the pseudo-activity score calculated based

on CRISmers validation results (Fig. 2a). The Pearson’s correlation coefficient
was used as an evaluation index for the effectiveness of GRAPE-LM activity
guidance. e, CRISmers-based wet lab comparative assessment (Fig. 2a) of
GRAPE-LM for effectiveness of activity guidance (RNA-FM high versus low)

and for benchmarking with alternative frameworks and existing methods. The
retention rate is defined as the proportion of enriched unique sequences relative
to the total number of sequencesin the library. f, Investigation of pseudo-activity
guidance on c-Myc by comparing the retention rates of filtered sequences using
the pseudo-activity scores predicted by GRAPE-LM (selected top 1,000 from
100,000 generated sequences) and sequences without filtering. g, Analysis of
the enriched sequences from latent regions of relatively high and low activity.
Retention rates and average enriched reads at different readout thresholds are
shown. The statistical analyses were conducted using a two-sided Student’s ¢-test.
h, Luciferase reporter assay results of the top 30 post-Al aptamer candidates.
Aptamers ranked top 100 by sequencing read abundance in CRISmers were
examined. The SELEX-derived aptamer leads MA9 and MA9Cl (ref. 57), along
with pre-AlLead 1/2, are included as benchmark controls. Aptamers are color
coded according to their source LM. Data show mean with s.d. (n = 3 biological
replicates). i, Results of K value determination (based on MST) for the above
seven post-Al aptamer leads, two pre-Alleads and a published aptamer targeting
c-Myc. Data are presented as mean + s.d. (n = 3 biological replicates). The
rectangular boxes in the box plot (band c) represent the range of quartiles of

the data, where the center line represents the median and the upper and lower
edges represent the upper and lower quartiles, respectively. The line above

the rectangular box represents the maximum value of the data; the line below
represents the minimum value of the data.
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aptamer design, represent a promising direction for future research.
These methods enable de novo aptamer design without explicit activity
labels and are conceptually complementary to GRAPE-LM. However,
their reliability is currently constrained by the limited availability of
high-quality aptamer-protein interaction data. Nonetheless, this
remains a highly worthwhile and forward-looking research avenue,
especially as advances in data availability and modeling technologies

continue to accelerate.

The success of GRAPE-LM hinges on its integration with high-
fidelity experimental screening systems such as CRISmers. Beyond
their native DNA-editing function, CRISPR-Cas tools here act as
high-fidelity datagenerators, enabling the capture of intracellular bio-
logical processes that traditional in vitro methods such as SELEX can-
not replicate. Although the library capacity of CRISmers is inherently
limited by practical constraints, such as cellular delivery efficiency

andthescale of cell culture, GRAPE-LM compensates by extrapolating
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fromalimited startinglibrary to explore broader sequence spaces. This
synergy explains why GRAPE-LM consistently identified high-affinity
aptamers for diverse targets—both human and viral, cell surface and
intracellular and structured and disordered—even when starting from
asingle round of screening on random libraries.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
butions and competinginterests; and statements of dataand code avail-
ability are available at https://doi.org/10.1038/s41587-026-03007-5.
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Methods

Datasets

The data used in this study were produced by the CRISPR-Cas-based
aptamer screening system CRISmers, as proposed in our previous
study". Unlike other SELEX screening systems, CRISmers is an intra-
cellular RNA aptamer screening system that selects aptamers within
the cellular environment, specifically binding to atarget protein. Fora
giventarget, we used the output datafrom the first round of CRISmers
screening. For an objective evaluation, we first removed the sequences
that shared similarity with previously published aptamers of a target
from the unique sequences. The enrichment frequency of unique
sequencesis often used as anindicator to measure the activity levels of
candidate aptamers. Therefore, this study designed a pseudo-activity
score asactivity guidance information by transforming the enrichment
frequency of unique sequences to adecimal between 0 and 1. Toreduce
redundancy and the impact of these noises introduced by polymerase
chainreaction (PCR) amplification artifacts, procedural inconsisten-
cies and variations in transfection efficiency, we used the Cd-hit pro-
gramto perform sequence similarity clustering on unique sequences
using a threshold of 0.8. We then aggregated read counts across mul-
tiple sequences withina cluster to compute the pseudo-activity score
(Extended Data Fig. 1b). Only sequences with a high confidence are
used (clusters with more than10 reads or individual unique sequences
with more than five reads). For targets (such as RBD) with fewer initial
sequences, the threshold of individual unique sequences was set to 1.
The final selected sequences were thenrandomly divided into training
and test groups in an 8:2 ratio to construct the training and test sets.
Thesstatistical information of the data against three targets used in this
study islisted in Supplementary Table 1.

GRAPE-LM architecture

GRAPE-LM is a deep learning model that leverages a CAE powered
by a nucleic acid LM to evolve RNA aptamer sequences. GRAPE-LM
consists of three key components: (1) an encoder that maps RNA
sequences to a continuous latent semantic space; (2) an activ-
ity guidance conditional module that constrains this latent space
(Extended Data Fig. 1a), enabling it to organize aptamer sequences
according to their pseudo-activity levels (Extended Data Fig. 1b); and
(3) adecoder that generates potential RNA aptamer sequences by
sampling from potential high-activity regions of the latent space.

Unlike traditional VAEs with Kullback-Leibler divergence regulari-
zation, weregularize the latent space with task-aligned constraints: (1)
a constraint on sequence reconstruction ensures that the model can
consistently generate meaningful RNA sequences and (2) an activ-
ity alignment loss pulls embeddings of higher-activity sequences
toward target-specific prototypes, which yields diversity around
activity-relevant directions while maintaining the capability for recon-
struction by the RNA-LM-powered decoder.

The CAE is also an autoregressive generation framework. In the
decoder, we employ an autoregressive generation mode, using latent
space feature vectors as starting symbols to predict the first base of
RNA sequences and then predict the n + 1" base according to the first
nbases.

LM-based encoder. LMs originally developed for natural language
processing have found promising applications in biomolecule engi-
neering, such as protein design® ° and evolution>®”®%, In parallel,
nucleic acid-focused LMs have also been explored recently®. Current
research predominantly focuses on predictive tasks, leaving a gap in
leveraging LMs for de novo RNA sequence design or evolution—anarea
where protein design has already seen notable success>®. Bridging
this gap could unlock new opportunities for RNA-based therapeutics
development and synthetic biology applications.

To improve generalization and reduce sensitivity to individual
data points, GRAPE-LM’s encoder combines a nucleic acid LM with

atrainable adapter. The adapter, implemented as a fully connected
neural network with batch normalization, maps LM-derived features
into a 128-dimensional latent space. It can mitigate potential biases
from the LM while tailoring the encoder to aptamer-specific tasks. Six
LMs were evaluated in this study: RNA-FM?*, RNA-BERT?, RNAErnie®®,
EvoFlow-RNA”, RINALMo?® and Evo®. These RNA LMs are BERT-style
transformer-based RNA foundation models pretrained on large-scale
RNAsequences (Supplementary Fig. 1a); Evo* is a StripedHyena-based
genomic foundation model trained on 2.7 million prokaryotic and
phage genomes (Supplementary Fig. 1b). RNA LMs were selected for
their RNA-specific focus, whereas Evo’s broader sequence compatibility
(DNA, RNA and proteins) offers additional flexibility. During the training
phase, we freeze the weights of the LMs and only update the adapter.

Transformer-based decoder. Given the similarity between RNA
sequence generation and text generation, we designed the RNA
aptamer decoder based on the transformer network’, which gener-
atesaptamer candidates from sampled pointsinthelatent space. The
transformer network offers advantages in generative tasks”->due to
its flexible self-attention mechanism, efficient parallel computation
and stronglong-range dependency capture capabilities. Unlike tradi-
tional sequence-to-sequence models, GRAPE-LM’s decoder employs a
self-attention mechanismtoiteratively generate nucleotides without
relying on fixed-length context vectors. The self-attention mechanism
allows each generated nucleotide to be dynamically weighted based
onall previously generated nucleotides, enabling the decoder to con-
sider context at each step and generate more rational RNA sequences.
To enhance coherence and avoid limitations of bidirectional atten-
tion in the encoder—-decoder framework, a decoder-only structure
wasadopted. Thedecoderincludes two transformer-decoder layers,
each with two attention heads and a hidden dimension of 128. The
dropout technique with a rate of 0.05 is applied between layers to
prevent overfitting.

Activity guidance module. This module constrains the latent space
by predicting pseudo-activity scores (Extended Data Fig. 1b) through
amulti-layer regression model. It consists of two layers of feedforward
neural networks, with ahidden layer containing 128 neurons activated
by the ReLU function and an output layer consisting of a neuron acti-
vated by the sigmoid function. This module’sinput s the latent space
feature vector of a sequence (the encoder output of the correspond-
ing sequence) and outputs the sequence’s predicted pseudo-activity
score. The dropout technique was adopted at a rate of 0.05 to ensure
robustness against overfitting.

Pseudo-activity is derived from post-enrichment sequence
distributions and serves as an indirect measure of biological activ-
ity. Although these distributions encapsulate the overall results of a
screening round, they may be influenced by technical biases, such as
PCRamplificationartifacts, procedural variability and fluctuationsin
transfection efficiency and cell clonal viability. Experience with both
multi-round CRISmers and conventional SELEX shows that library
diversity changes substantially over successive rounds of selection'”>,
Nevertheless, with only one round of screening data available, this
distribution remains the sole actionable input for Al-driven analysis.
Toreduce theimpact of these noises on the model, we aggregate read
counts across multiple sequences within a cluster to compute the
pseudo-activity score. This aggregation reduces stochastic variability
and offsets biases that would be amplified if only single-sequence
counts were considered. Central to this study is the assumption that
differential enrichment, defined as increased abundance of aptamer
populationsinaspecific CRISmersround, directly correlates with the
intrinsic binding affinity and targeting selectivity of aptamers. The
pseudo-activity score serves as a practical high-throughput measure-
ment of relative ‘hitness’ of each aptamer sequences within a round
ofthe CRISmers.
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Training and evaluation

Loss function. The GRAPE-LM model optimizes two objectives:
(1) accurate sequence reconstruction and (2) discriminative latent
space organization. These are quantified via a weighted fusion of two
losses: reconstruction loss and activity prediction loss. Reconstruction
loss calculates the cross-entropy (CE) between input and generated
sequences, and activity prediction loss calculates the mean squared
error (MSE) between predicted pseudo-activity scores and correspond-
ing ground truth. The total loss is defined as

Loss = w x MSE (3,)) + (1 — w) x CE(s,$)

wheresandydenote theinput sequence and its pseudo-activity score,
and § and y are their reconstructed counterparts. The weight w bal-
ances the two objectives: w= 0.5 for the CD3¢ and c-Myc targets and
w=0.85for RBD.

Training protocol. The hyperparameters usedin this study were opti-
mized using grid search (Supplementary Note 1) while considering com-
putational efficiency and model performance (Supplementary Fig.12).
Training of GRAPE-LM was conducted on a server withone AMD EPYC
7642 GPU with 512 GB RAM memory and one NVIDIA RTX 4090 GPU
with 24 GB memory using the Adam optimizer with dynamically adjust-
ing the learning rate. Models were trained for up to 400 epochs, with
early stopping triggered if test loss plateaued.

Aptamer candidate generation. We used the unique sequences
obtained fromthe pre-GRAPE-LM CRISmers screening as aseed library.
Foreachiteration, n (n >2) seeds wererandomly selected and mapped
to the latent space via the GRAPE-LM encoder. The midpoint of these
nseedsinthelatent space served as the sampling point for generating
novelsequences by the GRAPE-LM decoder. Notably, GRAPE-LM’s latent
space can cluster RNA sequences according to their pseudo-activity
levels, enabling directed sampling from potential high-activity regions
by using top active seeds—a capability absent in traditional sequence
similarity-based latent spaces.

In the present study, we used the top 2,000 unique sequences
by read count as top active seeds. Although increasing the number of
selected seeds (n) theoretically expands combinatorial possibilities for
novel sequence generation, n =2 proved sufficient to meet the required
sample generation scale for thisinvestigation. Consequently, all experi-
ments employed n =2 for sampling. Gaussian noise was systematically
incorporatedintothelatent space vectors during the sampling process
to enhance sample diversity. This methodological framework ensures
directional exploration of activity-specific regions while maintaining
structural novelty in generated sequences.

Evaluation metrics. Computational performance was assessed using
four metrics:

Recovery rate. A quantitative measure of a generative model’s effec-
tiveness, calculated by comparing the generated aptamer candidate
sequence tothe original one and finding the fraction of correctly recov-
ered nucleotides.

Diversity. Evaluates the ability of a generative model to generate
large-scale sequences by comprehensively considering the internal
diversity (Diversity,,..,) and novelty of the generated sequences. It is
calculated with the following formulas:

N, cluster

Diversity; .., = N

Nii
Novelty = 1 — —nit
ovelty N

2 x Diversity, .., x Novelty
Diversity, ... + Novelty

Diversity =

where N qer is the number of clusters among generated sequences
clustering by using the Cd-hit program witha threshold of 0.8; Nis the
number of generated sequences (10,000 used in this study); and N
is the number of the generated sequences that share equal or more
than 80% sequence similarity (calculated by Cd-hit with athreshold of
0.8) with pre-Altop 10,000 leads.

GC content. Measures GC deviation from a reference pool (CRISmers
screened aptamers), therefore providing a coarse but informative
measure of whether a generative model produces sequences whose
global compositional properties remain consistent with experimen-
tally enriched aptamer families.

Pearson’s correlation coefficient. Quantifies the effectiveness of activity
guidance by measuring the correlation of predicted pseudo-activity
scores and the pseudo-activity scores calculated from the output of
CRISmers.

Recovery rate is defined as the reconstruction quality of experi-
mentally validated aptamersinthe generated library, serving asa proxy
forfunctionalrecall, and indicates the ability of the model toregenerate
sequences withknownbinding activity. Diversity reflects the potential
to explore a vast sequence space, which is critical for avoiding local
optima and increases the likelihood of identifying novel high-affinity
binders. GC content reflects key biophysical/biochemical properties
such asthermodynamicstability and secondary structure formation,
which influence RNA folding and recognition*”*”, Previous SELEX
studies””® show that enriched aptamer pools often converge toward
target-specific nucleotide composition constraints, so assessing GC
content deviation provides a model-agnostic indicator of whether
generated sequence pools preserve biologically reasonable global
composition. Although these metrics do not measure binding affinity
directly, they together provide heuristic proxies for functional aptamer
discovery and experimental success.

CRISmers screening and validation

Construction of plasmids of CRISmers library. The human CD3¢e
extracellular domain (amino acids D23-D126, UniProt no. P07766),
codon-optimized RBD of SARS-CoV-2 spike protein (S1, amino acids
319-541, GISAID ID: EPI_ISL_414631) and c-Myc (UniProt no. 01106)
were commercially synthesized by GenScript (Supplementary Note
2). The CD3g, RBD or c-Myc fragment was subsequently cloned
into the phU6-gLuc sgRNA-scaffold-1.2 BsmBI-scaffold-polyT-E
Fla-NLS-linker-EcoRI-EcoRI-linker-VP64-p65-HSF1 (VPH) vector at
the EcoRl sites. Al-designed 20-bp oligonucleotide pools with 90-bp
overlapping sequences (synthesized by Twist Bioscience; Supplemen-
tary Note 3) underwent limited-cycle PCR amplification (15-20 cycles)
using Phusion Hot Start Flex 2x Master Mix (New England Biolabs (NEB),
MO0536L) to minimize amplification bias. The resulting approximately
200-bp products were column purified using the QIAquick PCR Purifi-
cationKit (Qiagen, 28104) and assembled into BsmBI-digested vectors
via Gibson Assembly. After isopropanol precipitation, the ligation
products weretransformed into electrocompetent Escherichiacolicells
(NEB,10p) and plated onto LB agar plates supplemented with appropri-
ate antibiotics. The plates were then incubated at 32 °C for 18 hours.
Library quality control demonstrated 99.9% sequence coverage with
an average of 500x per clone, as determined by Maxiprep plasmid
quantification and NGS validation. Sequencing for the constructed
screening library was conducted by Yomebio Co., Ltd.

Lentiviral CRISmers library production. HEK293T cells (American
Type Culture Collection (ATCC), CRL-3216) were cultured in DMEM
(Gibco, 11965092) supplemented with 10% FBS (ExCell, FSP500) at
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37 °C/5% CO,. Upon reaching 80-90% confluency in 10-cm culture
dishes, cells were co-transfected with the CRISmers library plas-
mid, psPAX2 packaging plasmid (Addgene, 12260) and pMD2.G
envelope plasmid (Addgene, 12259) using polyethyleneimine (PEI;
Polysciences, 23966-1) at 3:1 PEI:DNA ratio. The transfection medium
was replaced with fresh complete medium 6 hours after transfec-
tion. Viral supernatants were collected at 48 hours and 72 hours and
filtered through 0.45-pum syringe filters (Pall, 4654). Aliquots were
stored at —80 °C.

Lentiviral CRISmers library transduction. The CRISmers library
was transduced into monoclonal 4-53 dCas9-gLuc-puro reporter
cells (established per ref. 11). In brief, suspended cells were incubated
with lentiviral particles in medium containing 8 pg ml™ polybrene
(Sigma-Aldrich, TR-1003-G). After 8-hour incubationat 37 °C/5% CO,,
the mediumwas replaced with fresh complete medium. The multiplic-
ity ofinfection was maintained at 0.1-0.2 to ensure single-copy integra-
tion, with library coverage exceeding 500 cells per aptamer sequence.

CRISmers selection. The transduced cells were seeded at alow den-
sity and incubated for an additional 48 hours. Subsequently, puro-
mycin (InvivoGen, ant-pr-1) was added to the culture medium at a
concentration of 2 ug ml™ to select for drug-resistant cells. Medium
replacement with drug-containing fresh medium was performed
every 48 hours until complete death of untransduced controls.
After 6-8 days of expansion, genomic DNA was extracted. Aptamer
sequences were amplified with High-Fidelity Polymerase Phusion Hot
Start Flex 2x Master Mix (NEB, M0536S) using specific primers (for-
ward: 5-TATGTTTAAGAGCTAGAAATAGCAAGTTAAAATAAGGCTA-3';
reverse:5’-CCATCTTTGCAAAGCTTATATCGATAAAAAGCACCGACTC-3')
and subjected to NGS analysis (GENEWIZ).

NGS analyses. The PCR products were subjected to sequencingonan
Illumina NovaSeq 6000 platform using 150-bp paired-end sequenc-
ing. For the pre-Al CD3e screening, a total of 6,949,288 raw reads were
obtained. The pre-Al RBD screening yielded 3,943,669 raw reads. The
pre-Alscreening on c-Mycyielded 6,729,453 raw reads. Theread counts
ofeachsequence wereranked and analyzed in comparison, as discussed
inthis study. Selected sequences were then further validated through
additional experiments.

Luciferase reporter assay. Selected CD3¢e-targeting, RBD-targeting
or c-Myc-targeting aptamers were further validated using a CRISPR-
Cas-based luciferase reporter assay (Fig. 3a). These aptamers were
synthesized by Sangon Biotech and then cloned, via the BsmBl sites,
into the vector phU6-gLuc sgRNA-scaffold-1.2 BsmBI-scaffold-polyT-E
Fla-NLS-linker-EcoRI-CD3¢ ED/RBD/c-Myc-EcoRlI-linker-VPH (Sup-
plementary Note 2). HEK293T cells were seeded at 2.5 x 10* cells per
well in 96-well plates, and transient transfection was performed
the following day using PEI (Polysciences, 24885-2) at a 3:1 PEI:DNA
ratio. Every well was co-transfected with 20 ng of 9x glLuc target
Gaussia luciferase plasmid, 85 ng of dCas9 expression plasmid,
85 ng of hU6-gLuc sgRNA-scaffold-1.2 aptamer-scaffold-polyT-E
Fla-NLS-linker-EcoRI-CD3e ED/RBD/c-Myc-EcoRlI-linker-VPH plasmid
and 10 ng of firefly expression plasmid, respectively. The phU6-gLuc
sgRNA-scaffold-1.2 BsmBI-scaffold-polyT-EF1a-NLS-linker-EcoRI-CD3¢e
ED/RBD/c-Myc-EcoRI-linker-VPH plasmid was used as a negative con-
trol. Six hours after transfection, the mediumwas replaced with fresh
medium. Luminescence was quantified 48 hours after transfection
using Gaussia/firefly luciferase assay kits (Vigorous Biotechnology,
T004/T003) withaluminescence counter (PerkinElmer).

Generation of CD3e-knockout Jurkat cell lines using CRISPR-
Cas9. CD3e-knockout Jurkat cell lines were generated using CRISPR-
Cas9-mediated genome editing. A plasmid co-expressing SpCas9-

GFP and a CD3¢e-specific sgRNA (target sequence: 5-GATGTCCACT
ATGACAATTG-3’) weretransfected into Jurkat cells (clone E6-1; ATCC, TIB-
152) using the ProteanFect transfection kit (Nanoportal Biotech, PTO1)
accordingtothe manufacturer’sinstructions. Cells were stained with PE
anti-human CD3 antibody (BioLegend, 317308; clone, OKT3; isotype PE
mouse IgG2a, kisotype Ctrl) and subjected to fluorescence-activated cell
sorting (FACS). Single cells that were GFP positive and PE negative were
sorted into 96-well plates for clonal expansion.

After expansion, monoclonal populations were initially screened
for CD3e surface expression by flow cytometry. Clones exhibiting
stained fluorescence levels similar to those of the PE isotype negative
control were selected for genotypic validation. Genomic DNA was
extracted from candidate clones, and the region flanking the CRISPR
target site was PCR amplified and analyzed by Sanger sequencing
using the primers 5'-CCACGGCCACCACTCTTTGCTT-3’ (forward)
and 5-GGGCGGAATCGGATGACTGCAG-3’ (reverse). Clones show-
ing double peaks in the sequencing chromatogram, indicative of
insertion and deletion (indel) mutations, were further validated.
The PCR products were cloned into a blank vector, and multiple
bacterial colonies were Sanger sequenced to accurately determine
indel patterns and confirmbiallelic mutations. For cross-validation,
subsequent examinations of aptamer specificity were performed on
two independent clones.

Flow cytometry. 5’-Cy5-labeled 2’-F-O-modified RNA aptamers were
synthesized by General Biol containing 2’-fluorine pyrimidines (C/U)
and 2’-0O-methyl purines (A/G), and were reconstituted in nuclease-free
distilled water to a 10 pM stock. Harvested cells were centrifuged at
1,000g for 5 minutes, washed with PBS and resuspended in PBS. Jur-
kat cells (5 x 10° per tube) were incubated with 100 nM aptamersina
200-pl final volume for 20 minutes at 25 °C. After three PBS washes,
cellswere resuspended in100 pl of PBS and analyzed immediately on
aCytoFLEXS (Beckman Coulter). Cells were gated using forward scat-
terarea (FSC-A) versus side scatter area (SSC-A) parameters for debris
exclusion, followed by forward scatter height (FSC-H)/FSC-A pulse
processing for singlet discrimination. Fluorescence thresholds inthe
APC channel (detection channel for Cy5) were defined by unstained
cell populations.

For flow cytometry-based binding affinity measurements, the
aptamers were identically modified (5-Cy5-labeled, 2’-F-pyrimidine,
2’-0-methyl-purine RNA). Aptamers were serially diluted by threefold
withaninitial concentration of1,000 nMto generate eight working con-
centrations, with one blank control (no aptamer) included for a total
of 10 conditions. Jurkat cells (5 x 10° per tube) were incubated in a final
volume of 200 pl for 20 minutes at 25 °C. Subsequent steps—washing,
resuspension and flow cytometric analysis—were performed as above,
using the same instrument and gating strategy.

MST. SARS-CoV-2 spike protein (Sino Biological, 40589-VO8B1) was
diluted to 9.3 pM in nuclease-free distilled water. SARS-CoV-2 spike
S2 protein (Sino Biological, 40590-VO8B) was diluted to 10.528 uM in
nuclease-free distilled water. Recombinant human c-Myc active pro-
teinwas obtained from Abcam (0.5 mg ml™; ab169901). 5-Cy5-labeled
2’-F-O-modified RNA aptamers were synthesized and diluted to 20 nMin
TEbuffer. The experimental procedures were performed as described in
aprevious study*. Inbrief,16 200-p RNase/DNase-free and low-binding
PCRtubeswere prepared for serial dilution (Axygen, PCR-02-L-C). Pro-
teins (spike: 4.65 pM, S2:5.26 uM, c-Myc: 4.72 pM) underwent a twofold
serial dilutionacross16 tubes, each preloaded with 10 nM of the match-
ing aptamer, followed by a 15-minute incubation at 25 °C. Monolith
capillaries (NanoTemper, MO-K022) were loaded with each sample and
positionedinthe MonolithX instrument (NanoTemper, MM-233). Exci-
tation parameters were optimized through a pre-test, with the infrared
laser power set to medium. K, values were calculated using MO. Affinity
Analysis software version 2.3 (NanoTemper).

Nature Biotechnology


http://www.nature.com/naturebiotechnology

Article

https://doi.org/10.1038/s41587-026-03007-5

Pseudovirus neutralization assay. HEK293T cells were plated in
six-well culture plates and maintained under standard conditions
until reaching 80-90% confluency prior to transfection. PEI-mediated
transfection was performed using the following plasmid combination
perwell:2 pg of cytomegalovirus (CMV)-driven luciferase reporter con-
structand 0.4 pg of either spike (wild-type) or other variant expression
vectors, supplemented with 0.2 ug each of TAT, Rev and GAGpol acces-
sory plasmids. After asix-hourincubation period after transfection, the
transfection medium was replaced with fresh DMEM supplemented
with 10% FBS. Viral particles were subsequently collected at 48-hour
and 72-hour timepoints through sterile filtration using 0.45-pm Pall
syringe filters.

HEK293T-hACE2 stable cells were plated in 96-well plates at a
density of 2 x 10* cells per well and cultured overnight under standard
conditions (37 °C, 5% CO,). Serial dilutions of cholesterol-PEG40K-
2’-F-0-modified aptamers were prepared in pseudovirus and incubated
for1houratroomtemperature. The pretreated pseudo virus—aptamer
mixtures were then transferred to the cell and further incubated for
2 hours. After the viral challenge, the supernatant was removed by
aspiration and replaced with complete fresh medium. The cells were
then incubated for an additional 48 hours at 37 °Cina 5% (v/v) CO,
incubator. Luciferase activities were measured sequentially using a
luminescence counter (PerkinElmer).

Figure preparation

Figures were prepared with GraphPad Prism, PowerPoint, Adobe Pho-
toshop, Adobe Illustrator and BioRender.com. Icons in figures were
created with BioRender.com with the following specific citations:
https://BioRender.com/8cn0Ockx, https://BioRender.com/83bi9%am
and https://BioRender.com/w85g588.

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

Data availability

The CRISmers sequencing data from both primary screen and
pooled examination are available from Zenodo: https://zenodo.
org/records/18050896 (ref. 11) and https://doi.org/10.5281/
zenodo.18005327 (ref. 79). The minimum datasets used and model
checkpoints for GRAPE-LM are available from GitHub: https://github.
com/tansaox2008123/GRAPE-LM. Source data are provided with
this paper.

Code availability

The source code of GRAPE-LM is available at https://github.com/
tansaox2008123/GRAPE-LM. Through the GRAPE-LM online plat-
form (https://grape-lIm.bioailab.net/), researchers can easily retrieve
aptamer sequences designed for three specific molecular targets
featuredin this publication.
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Extended Data Fig. 1| Comparison of two latent spaces and data processing.
(a) Comparison of activity-guided versus sequence similarity-based semantic
spaces. The activity-guided latent space (constrained by pseudo-activity scores)
enables focused sampling of functional aptamers, while traditional sequence
similarity-based spaces permit only random exploration. (b) Data processing
pipeline. Training and test datasets were derived from the first-round output of
CRISmers (anintracellular CRISPR/Cas-based aptamer screening system).
Unique sequences were assigned pseudo-activity scores (0-1scale) based on
enrichment frequencies. Aisahyperparameter that needs to be optimized for
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different targets, and it is recommended toinitially use 0.05. The sequences were
clustered using CD-HIT with a threshold of 0.8. Sequences only with a high
confidence were used (clusters with more than 10 reads or individual unique
sequences with more than 5reads). For targets (such as RBD) with fewer initial
sequences, the threshold of individual unique sequences was set to 1. The final
selected sequences were then randomly divided into training and test groupsin
an 8:2 ratio to construct the training and test sets. Icons in figures were created
with BioRender (https://www.biorender.com/).
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facilitating cluster analysis of generated aptamers based on functional similarity.

Extended Data Fig. 2| Exploring the role of activity guidance strategy.
To evaluate the regulatory role of the activity-guidance module on latent

space organization, we analyzed how varying the activity-guidance loss weight
influenced the separation between high-ranking and low-ranking activity
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Extended Data Fig. 3| Comparative results of GRAPE-LM and RaptGenin SELEX (b). Data plot mean with standard deviation (SD), n = 3 experimental

terms of the recovery rate. The overall recovery rates are calculated using the replicates. The statistical analyses were conducted using a two-sided Student’s
corresponding model on the test sets of four targets from CRISmers (a) and t-test (****P < 0.0001).
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Extended Data Fig. 8| A powerful new paradigm of accelerated RNA aptamer evolution. This new paradigm is enabled by one shot GRAPE-LM introduced in this
work, informed by one round CRISmers. Icons in figures were created with BioRender (https://www.biorender.com/).

Nature Biotechnology


http://www.nature.com/naturebiotechnology
https://www.biorender.com/

nature portfolio

Corresponding author(s):  Yu Wang, Yang Zhang, Jun Zhang

Last updated by author(s): Dec 21, 2025

Reporting Summary

Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

Confirmed

>
~
3]

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

XX O [0 XX O] L]
XOO X X OOKX XK

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  We used CD-Hit (version 4.6.7) for sequence clustering.

Data analysis We used python custom scripts (python 3.8.11 and pytorch 2.4.1) for data analysis, AlphaFold 3 and VFold for RNA 3D structure prediction,
RNAFold for RNA secondary structure prediction. For sequence and structure alignments, we used Clustal Omega and US-align, respectively.
We used WebLogo 3 for the visualization of sequence patterns, HDOCK for the molecular docking, and PyMOL (version 1.8) for the illustration
of the 3D structures. Figures are generated with GraphPad Prism (version 8.0.2), PowerPoint, Adobe Photoshop, Adobe Illustrator, and
BioRender.com. All custom scripts are provided on GitHub (https://github.com/tansaox2008123/GRAPE-LM).

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

>
Q
S
(e
=
)
§o)
o)
=
o
=
_
o)
§o)
o)
=
>
Q@
wv
c
=
3
Q
<L

€202 |udy




Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The numerical data supporting the findings of this paper are provided in the Source Data, and the sequences can be generated by running GRAPE-LM. The datasets
used and model checkpoints for GRAPE-LM are available from Github: https://github.com/tansaox2008123/GRAPE-LM. The sequencing data is deposited on
Zenodo: https://doi.org/10.5281/zenodo.18005327.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender N/A

Reporting on race, ethnicity, or  N/A
other socially relevant

groupings

Population characteristics N/A
Recruitment N/A
Ethics oversight N/A

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|X| Life sciences D Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size The number of biological replicates and sample sizes are indicated in the figure legends
Data exclusions  All data points are shown without exclusion of outliers.
Replication Wet-lab experiments involving molecular and cellular assays were conducted with three biological replicates.

Randomization  The order of training data was randomized prior to model training. In CRISmers screening and validation, RNA aptamers were randomly
synthesized and sampled. For the cellular experiments, cells were plated at uniform density and randomly allocated to treatment groups prior
to experimentation.

Blinding The identities of the RNA aptamer sequences remained unknown to the experimenter until after the completion of all measurements.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

>
Q
S
(e
=
)
§o)
o)
=
o
=
_
D
§o)
o)
=
>
Q@
wv
(e
=
3
Q
<L




Materials & experimental systems Methods

Involved in the study
Antibodies

Eukaryotic cell lines

Clinical data

XNXXXNXOO S
OO0000OXKX

Plants

n/a | Involved in the study

X[ ] chip-seq
[]IX] Flow cytometry

Palaeontology and archaeology |Z| |:| MRI-based neuroimaging

Animals and other organisms

Dual use research of concern

Antibodies
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Validation The CD3e-positive Jurkat cell line demonstrated a robust signal upon the antibody staining, whereas the signal from the isotype

control remained comparable to that of the unstained cell blank.
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Methodology

Sample preparation

Instrument

Jurkat cells (5 x 10° cells per sample) were incubated with 5'-Cy5-labeled 2'-F-0 modified RNA aptamers in 200 uL total
volume for 20 min at room temperature. Following incubation and three subsequent washes with PBS, the cells were
resuspended in 100 pL of PBS and subjected to immediate analysis using a CytoFLEX S instrument (Beckman Coulter).

All flow cytometry data were acquired on an LSRFortessa X-20 instrument (BD Biosciences, California, USA) and a CytoFLEX S

>
Q
S
(e
=
)
§o)
o)
=
o
=
_
o)
§o)
o)
=
>
Q@
wv
c
=
3
Q
<L




Instrument instrument (Beckman Coulter, California, USA).

Software All flow cytometry data were analyzed with FlowJo V10 software (Treestar,OR,USA).
Cell population abundance We gated the densely clustered cells for further analysis for cell purity.
Gating strategy Instrument voltages were adjusted to optimize the distribution of cell populations on the FSC/SSC plot. Subsequent gating

was performed as follows: first, cells were selected using FSC-A vs. SSC-A to exclude debris; second, single cells were
discriminated by FSC-H vs. FSC-A gating; and finally, APC-positive populations were defined using fluorescence thresholds set
based on unstained controls.

|X| Tick this box to confirm that a figure exemplifying the gating strategy is provided in the Supplementary Information.
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