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De novo design of functional nucleic acids  
of aptamers
 

Zhiming Zhang1,4, Meng Jiang1,4, Axin He1, Youyuan Zhu    2, Ercheng Wang    2, 
Liqi Wan    1, Jiezhong Qiu    1  , Pei Guo    1  , Guangyong Chen    1   & 
Da Han    1,3 

Functional nucleic acids (FNAs) are essential elements for designing 
advanced molecular tools, yet their de novo design faces challenges due 
to the vast sequence space and inefficiency of experimental screening 
methods. Nucleic acid large language models (NA-LLMs) offer new 
opportunities for FNA design, but their generative capability remains 
underexplored. Here we introduce InstructNA, a framework leveraging 
NA-LLMs and high-throughput systematic evolution of ligands by 
exponential enrichment (HT-SELEX) to guide de novo design of FNAs 
without relying on structural information. InstructNA encodes semantically 
rich FNA representations and robustly decodes FNA sequences, enabling 
the generation of various types of FNA such as transcription factor-binding 
DNA and protein-binding aptamers with enhanced functionality and high 
sequence diversity. Compared with the traditional HT-SELEX, InstructNA 
generates 100% and 200% more strong aptamer binders for two protein 
targets, with a sequence similarity to the original HT-SELEX aptamers as low 
as 38%. These results underscore the efficacy and robustness of InstructNA, 
demonstrating its potential for FNA design.

Functional nucleic acids (FNAs) are DNA and RNA molecules designed 
to perform specific functions beyond storing genetic information,  
such as aptamers for molecular recognition1,2, regulatory elements  
for gene regulation3–5 and DNAzymes or ribozymes for catalysis6–8. Despite 
their potential across multiple fields, including chemistry, biology,  
medicine and material science, FNA design remains a formidable  
challenge due to the vast nucleotide sequence space. Unlike protein 
design, which has benefited from well-established sequence–struc-
ture–function rules and abundant three-dimensional (3D) structural 
data, FNA design is hindered by high structural flexibility, which com-
plicates nucleotide sequence–structure–function relationships9.

Traditional experimental screening methods, such as the system-
atic evolution of ligands by exponential enrichment (SELEX)10,11, are 
commonly used but they are often plagued by high cost, low success 

rate, incomplete sequence space in the initial library, and PCR bias 
that favors amplification efficiency over functional affinity12–15. Com-
putational approaches have advanced biomolecular design, but they 
heavily rely on the accuracy of 3D structure prediction9,16–18. While 
computational design of proteins has been greatly facilitated by 
tools such as ESM19, AlphaFold20, RoseTTAFold21 and ProteinMPNN22, 
an analogous development in the nucleic acid field is impeded  
by the scarcity of experimental 3D structures of nucleic acids. Deep 
learning-based models such as RaptGen23 and AptaDiff24 enable  
a rapid exploration of the vast design space in silico without the  
need for 3D structures, but they are trained solely on small, target- 
specific SELEX data, preventing them from learning the rich  
semantics required to capture comprehensive sequence–function  
relationships.
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all except for Klf12 and Sox10 (Extended Data Fig. 1a). Notably, although 
the numbers of cleaned unique DNA sequences in the ten TF data-
sets vary from 1,695 (Atf4) to 205,472 (Srebf1), InstructNA constantly  
shows a good performance. Overall, after a continual pretraining of 
DNABERT with FNA sequences from HT-SELEX, InstructNA achieves 
a substantial enhancement in capturing FNA sequence semantics.

We then explore whether the FNA representations learned by 
InstructNA can effectively capture sequence–function relationships, 
by performing a binary classification of binding specificity (Meth-
ods). Data independence analysis is detailed in Supplementary Note 
4, Supplementary Figs. 2–4 and Supplementary Table 1. For sequences 
in each TF dataset, we use a k-mer-based approach36 to calculate their 
binding specificity scores (Supplementary Fig. 5). On the basis of the 
median binding specificity score in the training and validation sets, we 
label each sequence as 0 (low binding specificity) or 1 (high binding 
specificity) for model training. We conduct linear probing to interpret 
the representations encoded by InstructNA. Specifically, we train a 
separate linear classifier on top of InstructNA’s representations to clas-
sify the binding specificity. InstructNA surpasses RaptGen across all 
ten TF datasets in terms of the area under the receiver operating char-
acteristic curve (AUROC), F1, accuracy, precision and recall except for 
the precision in the Mlx dataset, and outperforms DNABERT in at least 
seven TF datasets regarding the five metrics (Extended Data Fig. 1b,c 
and Supplementary Fig. 6). These results indicate that continual pre-
training enables InstructNA to gain a deeper understanding of FNA 
sequence–function relationships, and demonstrate the generalization 
ability of InstructNA on unseen sequences.

Robustness of InstructNA towards representation 
perturbations
As InstructNA applies BO, which introduces additional random-
ness to the learned latent space, we further assess the robustness of 
InstructNA when decoding FNA sequences from perturbed repre-
sentations. For this aim, we mimic the perturbation by kernel density 
estimation (KDE)37. By sampling from the fitted kernel distribution, 
we evaluate the quality of decoded FNA sequences in terms of k-mer 
frequency and guanine/cytosine (G/C) content3,24 (Supplementary 
Note 5). A longer k-mer contains more complex sequence features 
that are more difficult to capture. InstructNA outperforms RaptGen 
in generating k-mer (k = 3–6) motifs in almost all cases, except for 
5-mer and 6-mer motifs in the Mlx dataset (Extended Data Table 1). 
In addition, InstructNA generates sequences that are more similar to 
the real sequences in terms of G/C content (Supplementary Fig. 7). 
These results demonstrate the efficacy and robustness of InstructNA 
in learning and generating FNAs.

Generating TF-binding DNA with higher binding specificity 
with HC-HEBO
InstructNA incorporates a BO-based approach to guide optimization of 
seeding sequences (priors) in the latent space. The choice of BO-based 
approach is discussed in Supplementary Note 6. We first observe that 
DNA sequences optimized by a recently developed BO method named 
HEBO38 exhibit high sequence diversity but poor binding specificity, 
relative to the seeding sequences from the original HT-SELEX dataset 
(Extended Data Fig. 2b and Supplementary Fig. 8). We suspect that 
this may be due to BO’s tendency to perform global optimization. 
To address this, we develop HC-HEBO, which introduces hill climb-
ing (HC)39 into HEBO to restrict its search space within a local region 
around the seeding sequence’s representation (Extended Data Fig. 2a). 
Compared with HEBO, our developed HC-HEBO is able to design DNA 
sequences with higher binding specificity while exhibiting lower 
sequence diversity (Extended Data Fig. 2b and Supplementary Fig. 8). 
HC-HEBO also performs better than HEBO when designing a larger 
number of DNA sequences (Supplementary Fig. 9). We further test dif-
ferent seeding strategies for HC-HEBO (Supplementary Note 7). Using 

Large language models (LLMs) trained on a vast number of 
biological sequences have revolutionized the paradigm of protein 
design19,25–27, yet their application in nucleic acid design remains largely 
uncharted. Recently, a handful of nucleic acid LLMs (NA-LLMs) have 
been reported18,28–34. These inspired us to develop a method that can 
instruct an NA-LLM to generate FNA sequences with better functional-
ity. Here, we present InstructNA, a framework for de novo generative 
design of FNAs by leveraging advanced NA-LLMs and high-throughput 
SELEX (HT-SELEX) data. InstructNA introduces two notable capabilities. 
First, we continue to pretrain an existing NA-LLM with HT-SELEX data, 
resulting in a virtual library for generating better FNA sequences that 
are often overlooked in physical screening. Second, to iteratively refine 
FNA design, we develop the HC-HEBO (hill climbing–heteroscedastic 
and evolutionary Bayesian optimization) algorithm, which enables 
directed evolution of FNAs in a continuous latent space. By establishing 
a generation–evaluation closed-loop system, in silico and in vitro data 
iteratively refine the surrogate function for FNA functionality, guiding 
the generation of progressively optimized sequences.

We demonstrate that InstructNA can learn semantically rich, 
functionally relevant and robust representations for FNAs, gener-
ating DNA sequences with higher binding specificity to transcrip-
tion factors (TFs) than the existing state-of-the-art model, and  
aptamers with higher binding affinity for protein targets than  
the original HT-SELEX candidates. The high efficacy, robustness 
and broad utility of InstructNA demonstrate a notable capability of 
NA-LLMs, particularly when integrated with HT-SELEX, in advancing 
the field of FNA design. This synergy opens up avenues for develop-
ing FNA-based molecular tools towards a broad range of applications.

Results
Architecture of InstructNA
InstructNA aims to achieve de novo design of FNAs (Fig. 1a). It is a five- 
step framework: (1) collect FNA sequences from HT-SELEX experiments 
for model training (preparation), (2) continually pretrain an existing 
NA-LLM to be a domain-adapted FNA-LLM using the collected FNA 
sequences (train LLM), (3) train a lightweight decoder on top of the 
domain-adapted FNA-LLM using the collected FNA sequences (train 
decoder), (4) employ the HC-HEBO algorithm to continuously optimize  
the generated FNA sequences in the latent space (generation) and  
(5) validate the generated FNAs by experiments and perform iterative 
function-guided optimization (validation and iteration). Following 
this framework, InstructNA is applicable for generating any type of 
FNA, provided that its HT-SELEX data are available and its functional-
ity can be measured. The pipeline of InstructNA is detailed in Supple-
mentary Note 1. We thoroughly discuss the design choice of encoder, 
decoder and Bayesian optimization (BO) algorithm, respectively, in 
the following sections.

Learning semantically rich and functionally relevant FNA 
representations with InstructNA
The encoder of InstructNA, which is the domain-adapted FNA-LLM 
(Fig. 1a), maps FNA sequences to continuous vector representations  
and plays a critical role in the de novo design of FNAs. We evaluate 
the quality of FNA representations learned by InstructNA in terms 
of sequence semantics and target functionality. For this purpose,  
we use HT-SELEX datasets of ten TFs35 as our benchmark datasets  
(Supplementary Note 2). The number of cleaned unique DNA sequences 
in each TF dataset is shown in Supplementary Fig. 1.

Regarding sequence semantics, we examine the relationship 
between the sequence similarity within the real sequence space  
and that within the latent space of InstructNA, compared with two 
baseline models: DNABERT28 and RaptGen23 (Supplementary Note 3). 
The results show that InstructNA encodes DNA sequences with much 
higher Pearson correlation coefficient values than does RaptGen across 
all ten TF datasets, and outperforms DNABERT in eight TF datasets,  
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seeding sequences from three different sources (S1 + S2 + S3) consist-
ently outperforms a single source (Extended Data Fig. 2c). In addition, 
two rounds of HC-HEBO typically achieve satisfactory performance 
(Extended Data Fig. 2d). These results demonstrate that HC-HEBO can 
rapidly evolve FNAs towards better functionality.

We next assess the overall performance of InstructNA in generat-
ing FNAs. We randomly select Ar, Dbp and Srebf1 as benchmark data-
sets and generate 30 new DNA sequences for each TF. The results show 
that 87%, 13% and 13% of the DNA sequences generated by InstructNA 
exhibit higher binding specificity scores than the ten top-frequency 
sequences from the original HT-SELEX, compared with 83%, 3% and 
0% of those generated by RaptGen on the Ar, Dbp and Srebf1 datasets, 
respectively (Fig. 1b,c and Supplementary Fig. 10). Both InstructNA 
and RaptGen perform well for the Ar dataset, and this can be attrib-
uted to the low binding specificity of the ten top-frequency sequences 
from the original HT-SELEX. For the Srebf1 dataset, InstructNA 
generates four better DNA sequences while RaptGen fails to gener-
ate any better sequences. Moreover, among the four better DNA 
sequences generated by InstructNA, three show maximum sequence 
similarities below 80% to the ten top-frequency sequences from the 
original HT-SELEX (Fig. 1c). These results demonstrate the ability 
of InstructNA to generate functionally improved FNAs with high 
sequence diversity.

Incorporating other NA-LLMs into InstructNA
While we initially build InstructNA upon DNABERT28 as a demonstration, 
it is capable of integrating any NA-LLM as its foundation model. We 
further test incorporation of Evo131 and Nucleotide Transformer32 (NT), 
which have larger parameters than does DNABERT. InstructNA-DNABERT, 
InstructNA-NT and InstructNA-Evo1 show comparable performance  
on the mean binding specificity; InstructNA-DNABERT and 
InstructNA-Evo1 achieve the highest binding specificity on Dbp/Srebf1  
and Ar datasets, respectively (Extended Data Fig. 2e). Possible reasons 
for the negligible improvement when incorporating larger DNA-LLMs 
are discussed in Supplementary Note 8. As an autoregressive NA-LLM, 
Evo1 is capable of generating NA sequences. We compare the sequences 
generated by InstructNA-Evo1 with those directly generated by Evo1.  
We first continue to pretrain Evo1 using the DNA sequences collected 
from HT-SELEX and then sample sequences from the continually  
pretrained Evo1 without running BO. InstructNA-Evo1 consist-
ently outperforms Evo1 in generating high-quality sequences 
(Extended Data Fig. 2e), underscoring the necessity of BO in InstructNA.

Generating aptamers with high binding affinity and sequence 
diversity with InstructNA
To further demonstrate the universal applicability of InstructNA, we 
next turn to aptamer design. Protein-binding aptamers have shown 
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Fig. 1 | Overview of the InstructNA framework. a, Architecture of the InstructNA 
framework: by employing a two-stage training approach, InstructNA transfers 
the domain knowledge of HT-SELEX FNA sequences to an existing pretrained 
NA-LLM to produce a domain-adapted FNA-LLM, and then generates new FNA 
sequences through the domain-adapted FNA decoder. Use of the HC-HEBO 
algorithm in the latent space enables function-guided evolution of FNAs to 
achieve better functionality. b, The fraction of 30 DNA sequences generated by 
InstructNA and RaptGen that have higher binding specificity scores than the ten 
top-frequency sequences in the original HT-SELEX datasets of Ar, Dbp and Srebf1. 

c, Scatter plot of the relative binding specificity versus maximum sequence 
similarity of the DNA sequences generated by InstructNA and RaptGen on the 
Srebf1 dataset. n = 30. The relative binding specificity is normalized to a range 
from 0 to 100 using min–max normalization of binding specificity scores. The 
maximum sequence similarity refers to the highest sequence similarity between 
the generated DNA sequence and ten top-frequency sequences in the original  
HT-SELEX dataset. The dashed line indicates the highest relative binding specificity 
among the ten top-frequency sequences in the original HT-SELEX dataset. Icons in 
a,b created in BioRender; Guo, P. https://biorender.com/xqmjipu (2026).
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broad applications in clinical diagnosis and therapeutics40–42. To this 
end, we conduct HT-SELEX experiments for two protein targets, LOX1 
and CXCL5, and use sequencing data from the last round of HT-SELEX 
to train InstructNA (Fig. 2a). The HT-SELEX experiments are detailed 
in Supplementary Note 9 and Supplementary Table 2. We evaluate  
the binding affinity of screened or designed DNA aptamers for the 
protein target using a surface plasmon resonance (SPR) experiment 
(Supplementary Note 10). Among the ten top-frequency aptamer  
candidates from HT-SELEX, namely T1L to T10L for LOX1 and T1C to  
T10C for CXCL5 (Supplementary Tables 3 and 4), only two and one  
strong aptamer binders (dissociation constant KD ≤ 100 nM) are  
identified for LOX1 and CXCL5, respectively, and the remaining ones 
are weak aptamer binders (KD > 100 nM) or have no measurable bind-
ing to the protein target (Fig. 2b,c and Supplementary Figs. 11 and 12).

InstructNA generates ten aptamer sequences for each pro-
tein, namely G1L to G10L for LOX1, and G1C to G10C for CXCL5 
(Supplementary Tables 5 and 6). For LOX1, InstructNA generates 
four strong aptamer binders (G1L, G2L, G3L, G4L) with KD values of 
12.9, 19.3, 57.4 and 75.0 nM, respectively, among which G1L and G2L 
exhibit higher binding affinity than the original T1L (KD = 23.1 nM) and 
T2L (KD = 37.6 nM) (Fig. 2b,d and Supplementary Fig. 13). For CXCL5, 
InstructNA generates three strong aptamer binders (G1C, G2C, G3C) 
with KD values of 6.6, 18.6 and 40.3 nM, respectively, among which  

G1C exhibits higher binding affinity than the original T1C (KD = 18.3 nM) 
(Fig. 2c,e and Supplementary Fig. 14).

We further analyze sequences and structures of InstructNA- 
generated aptamers. Using LOX1 as an illustration, the strong aptamers 
generated by InstructNA and screened from HT-SELEX are distributed 
within different clusters (Extended Data Fig. 3a), with G1L exhibiting 
a sequence similarity to T1L as low as 38% (Extended Data Fig. 3b). 
From a structural perspective, T1L forms a plain stem–loop structure 
whereas G1L exhibits a more intricate fold at the apical loop, and they 
interact with different domains of LOX1 (Extended Data Fig. 3c–e). 
The LOX1–G1L complex exhibits extensive hydrogen-bonding inter-
actions at the binding interface (Extended Data Fig. 3f) and a more 
favorable Gibbs free-energy change than the LOX1–T1L complex 
(Supplementary Fig. 15). The sequence and structural analyses are 
detailed in Supplementary Note 11. Among the strong aptamer binders 
for CXCL5, the InstructNA-generated G1C, G2C and G3C show sequence 
similarities of 97%, 49% and 97% to the original T1C, respectively 
(Supplementary Fig. 16). In addition to these two protein targets, we 
also show that InstructNA generates strong aptamer binders for pro-
tein tyrosine kinase 7 (Supplementary Fig. 17), a widely used protein 
model for aptamer development42,43. These results demonstrate that 
InstructNA can efficiently generate aptamers with high binding affinity 
for protein targets.
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Fig. 2 | Generating aptamer binders with InstructNA. a, Schematic showing  
HT-SELEX experiments for screening DNA aptamers that bind to a specific 
protein target (LOX1 and CXCL5 in this study): incubation of single-stranded DNA 
library and protein target, removal of unbound DNA, amplification of bound 
DNA by PCR, and HT sequencing. b,c, SPR binding assays of ten top-frequency 
aptamer candidates from HT-SELEX and ten aptamer candidates generated by 
InstructNA for LOX1 (b) and CXCL5 (c). KD values are plotted for strong aptamer 

binders (KD ≤ 100 nM). #, weaker binders (KD > 100 nM); *, no measurable binding. 
Data in b,c are presented as mean ± s.d. (n = 3 independent experiments), with  
the error bar indicating s.d. d,e, SPR sensorgrams for binding of T1L and G1L to 
LOX1 (d) and binding of T1C and G1C to CXCL5 (e). Data in d,e are presented as 
mean ± s.d. (n = 3 independent experiments). Icons in a created in BioRender; 
Guo, P. https://biorender.com/xqmjipu (2026).
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Discussion
In this work, we introduce the InstructNA framework for de novo 
design of FNAs by leveraging NA-LLMs and HT-SELEX. Several poten-
tial extensions of InstructNA can be envisioned. First, here we employ 
the pretrained DNABERT28, Evo131 and Nucleotide Transformer32 as 
NA-LLMs to illustrate the approach of customizing domain-adapted 
FNA-LLMs. As the field advances rapidly, more powerful and sophis-
ticated NA-LLMs are being developed, and they can be adapted to the 
InstructNA framework. Second, integrating 3D structure prediction 
tools such as AlphaFold320 and RoseTTAFoldNA44, complemented with 
molecular dynamics (MD) simulations as additional evaluation crite-
ria, is expected to improve the efficiency of FNA design. As acquiring 
HT-SELEX data is time consuming, relevant works demonstrate their 
FNA design approaches on a few HT-SELEX datasets23,45–47. Although here 
we demonstrate InstructNA on relatively large datasets, de novo design 
of other types of FNA such as DNAzymes and functional RNA molecules 
needs to be explored in future work. These will expand InstructNA’s 
ability to design FNAs with tailored and enhanced functionality.

Methods
Preparation of HT-SELEX data of TF-binding DNA for model 
training
The HT-SELEX datasets of ten TFs (Ar, Atf4, Dbp, Egr3, Foxg1, Klf12, 
Mlx, Nr2e1, Sox10 and Srebf1) used in this study were downloaded 
from the European Nucleotide Archive database (accession number: 
ERP001824)35. The FASTQ files were further processed by removing 
the variable-length and redundant sequences, to obtain the cleaned 
sequences used for further continual pretraining of NA-LLM. The 
lengths and numbers of cleaned unique DNA sequences in each TF 
dataset are summarized in Supplementary Fig. 1.

Evaluating the binding specificity of TF-binding DNA 
sequences
The binding specificity score of TF to a DNA sequence is calculated 
using the 8mer_sum algorithm as described previously36:

Stotal =
n
∑
i=1

Si8mer (1)

where Stotal is the binding specificity score of the full-length DNA 
sequence, Si8mer is the protein-binding microarray fluorescence inten-
sity of the ith 8-mer motif, which is extracted using a sliding window of 
length 8 and stride 1, and n represents the total number of 8-mer motifs 
in the full-length DNA sequence.

The relative binding specificity is normalized to a range from 0 to 
100 using min–max normalization of binding specificity score:

Snorm = S − Smin
Smax − Smin

× 100 (2)

where Smin and Smax represent the minimum and maximum binding 
specificity scores in the dataset, respectively. This scaling transforms 
the raw scores to the [0, 100] range.

InstructNA training and inference using DNABERT (3-mers)
Tokenization in DNABERT (3-mers). In the domain of language  
modeling, tokens represent the fundamental semantic units that a 
model employs to interpret linguistic data. They can represent discrete 
units such as words or even more granular semantic elements such as 
individual characters. The act of tokenization involves transforming 
these linguistic units into unique integer identifiers, each correspond-
ing to an entry within a reference lookup table. Subsequently, these 
integers are translated by embedding layers into vectorial representa-
tions, which the model then processes in a comprehensive, end-to-end 
manner. For the specific application within the InstructNA framework 

using DNABERT (3-mers), DNA sequences were tokenized using a tri-
nucleotide (3-mers) resolution method. This approach results in a 
combinatorial diversity of 64 (43) possible distinct 3-mers. Additionally, 
special utility tokens such as [CLS], [UNK], [SEP], [MASK] and [PAD] 
were integrated into the model for specific functional roles within the 
modeling process.

Training. The training process of InstructNA using DNABERT (3-mers) 
consists of two stages. In the first stage, we conducted continual pre-
training on a pretrained DNABERT DNA-LLM using HT-SELEX data, 
with the training objective aligned with that of the original DNABERT 
pretraining (Supplementary Fig. 18). Specifically, 15% of the tokens were 
masked, and the model was trained to predict the masked tokens. To 
facilitate BO, a dimensionality reduction layer was incorporated dur-
ing training, reducing the dimensionality of each token embedding to 
8 (Supplementary Fig. 19). This process results in a domain-adapted 
FNA-LLM (encoder).

In the second stage, we froze the encoder and introduced a ran-
domly initialized decoder composed of six-layer transformer blocks. 
We then performed a sequence reconstruction task, where HT-SELEX 
sequence data are fed into the model again. The encoder transformed 
these sequences into embeddings, which were subsequently passed to 
the decoder, enabling it to reconstruct the original sequence tokens. 
The objective of this training stage is to reconstruct the original input 
sequence from the embeddings. Specifically, the decoder outputs a 
vector of logits for the ith position token based on the corresponding 
embedding ei, and a softmax layer is applied to obtain the probability 
distribution over the vocabulary. The loss function for this stage is

Lrecon = −∑ log P(xi|ei) (3)

where P(xi|ei) represents the probability assigned to the ground-truth 
token xi given the embedding ei after the softmax transformation.

Inference. Using embeddings derived from clustering centers  
or BO, the decoder processes these embeddings to produce an  
initial generated sequence. Next, the 15% of tokens with the lowest  
probabilities in this sequence were replaced with a special token, 
[MASK], and the modified sequence was fed back into the encoder  
to predict and refine the masked-out portions. This iterative refine-
ment process is repeated several times, progressively enhancing  
the accuracy of the generated sequence.

HC-HEBO in InstructNA
The HC-HEBO algorithm combines HC with HEBO to efficiently 
optimize FNAs.

	 (1)	 Initial solution construction. Sequences from diverse sources 
are evaluated and their embeddings are denoted as E0 = {e0, e1, 
e2,...,en}. E0 is divided into n groups and each ei ∈ E0 (0 ≤ i ≤ n) 
represents the initial solution for the group respectively.

	 (2)	 Search space definition. For the n groups, define the initial  
search space as a neighborhood centered around E0, with a  
search radius R0 (default ΔR0 = 5). The sensitivity experiment  
of the search radius and minimum threshold is shown in  
Supplementary Fig. 20. The n initial search space 
S0 = {s0, s1, s2, …, sn} is defined as

E0 (initial solution) (4)

S0 = {e| ∥ e − E0 ∥≤ ΔR0} (initial search space). (5)

	 (3)	 Searching and generation. Use HEBO to search next embed-
dings in the search space with the hyperparameters in HEBO 
kept as default. InstructNA generates and evaluates a total of n 
new sequences, with one new sequence generated per group.

http://www.nature.com/natcomputsci
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	 (4)	 Greedy refinement. At each iteration, the solution (embedding) 
with the best evaluated performance within its group is chosen 
as the candidate solution for the next optimization. The ith 
group solution obtained at the tth iteration is Ei,t:

Ei,t = argmax
e∈Gt,i

f(e) (6)

where Gt,i represents the ith group of evaluated solutions at  
iteration t and f(e) represents the evaluated performance.

	 (5)	 Shrinking search radius. After each iteration, the search radius 
is reduced by half, but once it reaches a minimum threshold 
ΔRmin (default ΔRmin = 1.25), the search radius will no longer 
shrink and remains constant:

St+1 = {e|‖e − Et‖ ≤
ΔRt
2 } , if ΔRt > ΔRmin (7)

St+1 = {e|‖e − Et‖ ≤ ΔRmin}, if ΔRt ≤ ΔRmin. (8)

	 (6)	 Obtain the tth iteration best solution Et, search space St. Repeat 
steps 3–5 for iteration.

Assessing correlation between embeddings and sequences
We randomly sampled 1,000 unique sequences from the HT-SELEX 
dataset. From these sequences, we generated all possible pairs (C2

1,000), 
resulting in a total of 499,500 sequence pairs. We explored the relation-
ship between sequences and embeddings by analyzing the cosine 
similarity and pairwise alignment similarity of these sequence pairs.

Cosine similarity calculation. For InstructNA and DNABERT, we cal-
culated the cosine similarity of token embeddings at corresponding 
positions for each pair of sequences, and then averaged the cosine 
similarities across all tokens to obtain the final cosine similarity score 
representing the full embedding similarity of the sequence pair.

Similaritysequencepair(S1, S2) =
1
N

N
∑
i=1

e1i ⋅ e
2
i

|e1i ||e
2
i |

(9)

where S1 and S2 represent the sequences in the sequence pair, e1i  and e2i  
represent the embedding of the ith token in S1 and S2, and · denotes the 
vector inner product.

For RaptGen, we compute the cosine similarity between the 2D 
embeddings of sequence pairs directly.

Sequence similarity. Sequence similarity is calculated using the 
EMBOSS Needle tool48 that creates an optimal global alignment  
of two sequences using the Needleman–Wunsch algorithm with 
default parameters: matrix = DNA full, gap open penalty = 10,  
gap extended penalty = 0.5, end gap open penalty = 10 and end gap 
extend penalty = 0.5. For the DNA sequences binding to TFs, the 
sequence similarity is calculated on the 14-nucleotide or 20-nucleotide 
random DNA (Supplementary Fig. 1). For the DNA aptamers bind-
ing to LOX1 or CXCL5, the sequence similarity is calculated on the 
36-nucleotide random DNA (Supplementary Table 2).

Binary classification of binding specificity
For the cleaned unique sequences in each TF dataset as shown in 
Supplementary Fig. 1, we cluster them using cd-hit49 at an 80% sequence 
similarity cutoff18,50, collect representative sequences from each cluster 
and randomly split the collected sequences into training (40%), valida-
tion (10%) and test (50%) sets. The numbers of sequences in training, 
validation and test sets are summarized in Supplementary Table 1. On 
the basis of the median binding specificity score in the training and 
validation sets, we label each sequence as 0 (low binding specificity) 
or 1 (high binding specificity) and train the model.

In the classification pipeline, encoders pretrained by InstructNA 
and RaptGen remain frozen, with a trainable linear layer appended for 
binary classification. Model performance is assessed on the test set 
using the following metrics:

Precision = TP
TP + FP (10)

Accuracy = TP + TN
TP + TN + FP + FN (11)

Recall = TPR = TP
TP + FN (12)

F1 = 2 × Precision × Recall
Precision + Recall (13)

FPR = FP
FP + TN (14)

AUROC = ∫
1

0
TPR(FPR)d(FPR) (15)

where TP, TN, FP and FN represent true positive, true negative, false 
positive and false negative respectively in the confusion matrix.

KDE perturbation generation experiment
A perturbation generation experiment was performed separately on the 
ten HT-SELEX datasets of TF-binding DNA sequences. The embeddings 
of all DNA sequences from each HT-SELEX dataset were obtained using 
the InstructNA and RaptGen encoders. These embeddings were then 
used to train a KDE37 model to learn the probability density distribution 
of the embeddings. Two thousand new embeddings were sampled from 
the trained KDE model based on the learned probability density func-
tion. These new embeddings were input into the decoder for inference. 
Finally, InstructNA and RaptGen generated 2,000 sequences for each 
HT-SELEX dataset, respectively. For the real sequences, we performed 
stratified sampling to select 2,000 sequences on the basis of sequence 
frequency from each HT-SELEX dataset. Then, k-mer frequency and G/C 
content of these sequences were calculated. The k-mer counts were 
obtained using sliding windows of lengths 3–6 with a stride of 1 for 
each sequence, and frequency was calculated on the basis of the k-mer 
counts. The G/C content was determined by calculating the proportion 
of G and C nucleotides in each sequence.

Pipeline of InstructNA to generate new DNA sequences for  
TF binding
To generate new DNA sequences that have high binding specificity 
to a TF, we trained InstructNA as stated above. During the generation 
and optimization by HC-HEBO, 30 starting seeds were collected from 
three sources, including ten top-frequency sequences in the original 
HT-SELEX data (S1), ten sequences decoded from each of the ten cluster 
centers of the entire HT-SELEX embeddings clustered by the Gaussian 
mixture model (GMM)51 (S2) and ten sequences with similar embed-
dings (calculated by the minimum Euclidean distance) to the DNAs 
with the highest binding specificity from S1 and S2 (S3). Notably, the 
number of seeding sequences can vary. The 30 candidates were then 
clustered into ten clusters using GMM, and the sequence of the highest 
binding specificity score in each group was chosen to constitute the 
initial ten seeding sequences for HC-HEBO.

HT-SELEX for screening protein-binding DNA aptamers
The ssDNA library and primers shown in Supplementary Table 2 were 
purchased from Sangon Biotech. The ssDNA library was denatured at 
95 °C for 10 min, 4 °C for 6 min and 25 °C for 2 min. COOH-modified 
magnetic beads (400 μl; Zecen Biotech) were washed with 1 ml of 10-mM 
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NaOH once and 1 ml of double-distilled water twice, and activated 
in 800 μl of 0.4-M 1-(3-dimethylaminopropyl)-3-ethylcarbodiimide 
(EDC) and 0.1-M N-hydroxysuccinimide (NHS) (1:1, v/v) for 15 min. 
Then, ~80 μg of protein (PTM Bio) diluted in sodium acetate was added 
to the magnetic beads and incubated for 2 h. Supernatant was dis-
carded and the beads were washed three times with 1 ml of Dulbecco’s 
phosphate-buffered saline (DPBS). Then, the beads were blocked in 1 ml 
of 10 mM ethanolamine (pH 8.0), incubated for 15 min, washed three 
times with 800 μl of 1× washing buffer and then resuspended in 400 μl 
of antibody diluent buffer.

Each round of counter-selection and positive selection was 
conducted using the conventional magnetic bead-based HT-SELEX 
method. The His–magnetic beads were washed with 1× DPBS, and then 
incubated with the ssDNA library for 1 h. The mixture was washed with 
1× washing buffer, and then the His–magnetic beads were discarded, 
leaving the remaining DNA pool for positive selection. DNAs bound 
to the target protein were eluted by boiling the protein–magnetic 
beads in 100 μl of double-distilled water at 95 °C for 10 min, amplified 
with PCR using rTaq DNA polymerase (Takara) and used for the next 
round of selection. For PCR amplification, we used MIX configura-
tion with the forward primer and biotin-modified reverse primer, 
and the ssDNA eluted from the positive selection as the template. 
Double-stranded DNA (1 ml) obtained from PCR was incubated with 
80 μl of streptavidin-modified magnetic beads (Smart-Lifesciences 
Biotech) in 1-M NaCl for 30 min, washed with 1× washing buffer three 
times and treated with 100 μl of 40-mM NaOH. The biotin-modified 
strands left on streptavidin-modified magnetic beads were removed by 
magnetic suction, neutralized with 4 μl of 1-M HCl and combined with 
an equal volume of 2× DPBS buffer. For high-throughput sequencing, 
each round of the ssDNA library was amplified using the forward and 
reverse primers, followed by the use of a standard library construction 
kit (E7335S NEB). Polyclonal amplicons were purified using VAHTS DNA 
Clean Beads (Vazyme) following the manufacturer’s protocol, quanti-
fied with QUBIT (Invitrogen). The sequencing was performed using the 
GeneMind sequencer. The high-throughput sequencing data from the 
last round of SELEX were used for InstructNA.

Pipeline of InstructNA to generate DNA aptamers
The last round of aptamer HT-SELEX data was used to train InstructNA 
as stated above. The 30 seeding sequence candidates from S1, S2 
and S3 were engineered in the same way as stated above for those of 
TF-binding DNAs. The 30 candidate sequences were clustered into ten 
clusters using GMM, and the sequence with the smallest KD measured 
by SPR to the target protein was chosen to constitute the initial seeding 
sequences for HC-HEBO optimization.

SPR experiments
The DNA oligonucleotides used for SPR experiments shown in 
Supplementary Tables 3–6 were purchased from Sangon Biotech. 
The SPR experiments were performed on a Biacore 8K instrument  
(GE Healthcare). The sensor chip (CM5, Cytiva) was activated by inject-
ing a 50:50 (v/v) mixture of NHS (0.1 M) and EDC (0.4 M) for 5 min. 
The protein (50 µg ml−1) was diluted in sodium acetate and injected 
into flow cell 2 at a flow rate of 10 µl min−1 for 5 min. Next, the His 
protein (5 µg ml−1) diluted in sodium acetate was injected into flow 
cell 1 as a control channel. Finally, the sensor chip was blocked using 
ethanolamine-HCl (1 M, pH 8.5) for 2 min. The DNA aptamers were 
diluted to different concentrations using 1× PBS containing 5-mM 
magnesium chloride. Aptamers at various concentrations in running 
buffer (DPBS supplemented with 5-mM MgCl2) were injected into the 
analyte channel at a flow rate of 30 μl min−1, a contact time of 120 s 
and a dissociation time of 120 s. After each analysis cycle, the analyte 
channels were regenerated via a 30-s injection of 1.5-M NaCl. The KD 
was obtained by fitting the sensorgram with a 1:1 binding model using 
Biacore evaluation software (GE Healthcare).

Docking and unrestrained MD simulations
The AlphaFold3 webserver (https://alphafoldserver.com/) was utilized 
to predict the 3D structures of DNA aptamers T1L, G1L (nucleotides 
1–76) and LOX1 (amino acids 61–237), which are consistent with the 
sequence lengths used in SPR experiments. Initially, we attempted 
to predict the complex structure directly from the input protein and 
DNA sequences, but the resulting structures were visibly not bound 
together. Therefore, on the basis of the monomer structures of the pro-
tein and DNAs, the LOX1–T1L and LOX1–G1L complexes were obtained 
via the molecular docking using HDOCKlite v.1.1, based on a hybrid 
algorithm of template-based modeling and ab initio free docking. The 
LOX1 protein was set as the receptor, and the DNA aptamer was treated 
as the ligand. Blind docking was performed, and the top docking pose 
based on the docking score was selected as the initial structure for 
MD simulations.

The complex structure was subjected to unrestrained MD simu-
lations on the Amber22 package. The complex was modeled using 
the tleap module in Amber22. The Amber ff19SB force field was used 
for the protein and the OL15 force field was employed for DNA. After 
adding Na+ to neutralize the phosphate backbone charges, the sys-
tem was then solvated with TIP3P water in a 12-Å cuboid box. Initial 
minimizations were carried out with 2,000 steps of steepest descent 
followed by 3,000 steps of conjugated gradient, during which the 
DNA positions were fixed. The particle mesh Ewald algorithm was 
employed to efficiently treat the long-range electrostatic interaction. 
Then the system was heated to 300 K under constant volume in 50 ps, 
followed by a 50-ps constant-pressure relaxation using the Langevin 
thermostat at 300 K. All covalent bonds involving hydrogen atoms 
were constrained using the SHAKE algorithm. The cutoff was set to 
12.0 Å for the electrostatic and van der Waals interactions. The final 
production was performed at 300 K without restraints on DNA for 
100 ns. Ten independent runs of MD simulations were performed for 
each complex.

Statistics and reproducibility
No statistical method was used to predetermine sample size. No data 
were excluded from the analyses. Training, validation and test sets for 
training models of binary classification were generated via random 
splits of the full datasets. No randomization was applied in the com-
parative experiments. Blinding was not relevant to this study.

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

Data availability
The HT-SELEX datasets of Ar, Atf4, Dbp, Egr3, Foxg1, Klf12, Mlx, Nr2e1, 
Sox10 and Srebf1 used in this study are available from the European 
Nucleotide Archive under accession number ERP001824 (ref. 35). All 
data in this study are provided in the main text and Supplementary 
Information. Source data for Figs. 1 and 2 and Extended Data Figs. 1–3 
are provided with this paper. Source data are provided with this paper.

Code availability
The code of InstructNA is deposited to GitHub (https://github.com/
zhimingzhang275/InstructNA) and Code Ocean52.
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Extended Data Table 1 | Robustness of InstructNA for decoding FNA sequences

Models/TFs Ar Atf4 Dbp Egr3 Foxg1 Klf12 Mlx Nr2e1 Sox10 Srebf1

InstructNA-3mers 0.8759 0.9038 0.7758 0.8765 0.8640 0.9818 0.7180 0.9357 0.8523 0.8263

RaptGen-3mers 0.7952 0.6001 0.5397 0.7259 0.6707 0.7241 0.6105 0.5344 0.7638 0.6564

InstructNA-4mers 0.8413 0.8838 0.8086 0.8480 0.8332 0.9745 0.7406 0.8983 0.7563 0.7714

RaptGen-4mers 0.7186 0.4821 0.5578 0.5636 0.4735 0.5252 0.7139 0.3875 0.6505 0.5198

InstructNA-5mers 0.8034 0.8724 0.8205 0.8075 0.7943 0.9650 0.6931 0.8386 0.6890 0.7185

RaptGen-5mers 0.6529 0.3519 0.5986 0.4357 0.3596 0.3465 0.7809 0.2455 0.5752 0.3970

InstructNA-6mers 0.7622 0.8568 0.8020 0.7598 0.7441 0.9522 0.6390 0.7232 0.6204 0.6548

RaptGen-6mers 0.5868 0.2075 0.6566 0.2796 0.2827 0.2254 0.7553 0.1258 0.5061 0.2918

PCC of k-mer frequencies between real sequences and generated sequences by InstructNA and RaptGen from perturbated representations.
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Extended Data Fig. 1 | Capturing the complex sequence patterns in FNAs by 
InstructNA. a, The Pearson correlation between the cosine distance of pairwise 
embeddings and the sequence similarity of embeddings derived from the latent 
space of InstructNA, DNABERT and RaptGen on the ten TF datasets. b–c, The 

performance (AUROC and F1) of InstructNA versus RaptGen (b) and DNABERT  
(c) for the binary classification of binding specificity on the ten TF datasets.  
The performance on precision, accuracy and recall is shown in Supplementary 
Figure 6. Statistical analysis is performed using a one-sided paired t-test.
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Extended Data Fig. 2 | Ablation study of BO strategies and NA-LLM models.  
a, Schematics of HEBO and HC-HEBO algorithms. Arrows illustrate the direction 
of FNA optimization. b, Ablation experiment on the BO strategies, that is, 
HEBO versus HC-HEBO. Max sequence similarity refers to the highest sequence 
similarity between the generated sequence and the seeding sequences. n = 20. 
c, Ablation experiment on the sources of seeding sequences, that is, the S1, 
S2 or S3 single seeding source versus the S1 + S2 + S3 diverse seeding sources. 

n = 20. d, Ablation experiment on the HC-HEBO rounds. n = 10. e, Performance 
of InstructNA-DNABERT, InstructNA-NT, InstructNA-Evo1, and Evo1. n = 30. Data 
in c-e are shown as bar plots, with the bar height indicating the mean value and 
the up line indicating the maximum value. The relative binding specificity in b-e 
is normalized to a range from 0 to 100 using min–max normalization of binding 
specificity scores.
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Extended Data Fig. 3 | Sequence diversity of the generated aptamer binders.  
a, Clustering of the embeddings of InstructNA-generated strong aptamer binders 
and all the HT-SELEX candidates for the LOX1 protein target. The embeddings 
are clustered into ten clusters using GMM followed by t-SNE to reduce the 
embedding’s dimension to a 2D for visualization. b, Sequence similarity (%) 
between the strong aptamer binders generated by InstructNA (G1L, G2L, G3L  
and G4L) and screened from original HT-SELEX (T1L and T2L) for the LOX1 target. 

The red dotted line highlights that G1L has the lowest maximum sequence 
similarity to T1L and T2L, with a sequence similarity of as low as 38% to T1L.  
c, The superimposed 3D structures of T1L and G1L as predicted by AlphaFold3.  
d-e, Cartoon representations of the LOX1-T1L (d), and LOX1-G1L (e) complex 
structures through MD simulations. f, Hydrogen bonds formed between LOX1 
and G1L. The LOX1, T1L and G1L are shown in light purple, blue and red colors, 
respectively.
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