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Generative and predictive neural networks
for the design of functional RNA molecules

Aidan T. Riley1,2, James M. Robson 1,2, Aiganysh Ulanova3,4 &
Alexander A. Green 1,2,5

RNA is a remarkably versatile molecule that has been engineered for applica-
tions in therapeutics, diagnostics, and in vivo information-processing systems.
However, the complex relationship between the sequence, structure, and
function of RNA often necessitates extensive experimental screening of can-
didate sequences. Here we present a generalized, efficient neural network
architecture that utilizes the sequence and structure of RNA molecules
(SANDSTORM) to inform functional predictions across a diverse range of
settings. We pair these predictive models with generative adversarial RNA
design networks (GARDN), allowing the generative modelling of a diverse
range of functional RNA molecules with targeted experimental attributes.
This approach enables the design of novel sequence candidates that outper-
form those encountered during training or returned by classical thermo-
dynamic algorithms, and can be deployed using as few as 384 example
sequences. SANDSTORM and GARDN thus represent powerful new predictive
and generative tools for the development of RNA molecules with improved
function.

The ability to encode genetic information while executing a diverse
range of functions has allowed RNA to gain traction as a powerful
molecular platform for the development of therapeutics, diag-
nostics, and synthetic biological systems1–12. The quartet of canonical
nucleotides and simple rules of Watson-Crick base pairing make the
design of specific RNA molecules a far more computationally tract-
able problem than analogous protein-based systems. Extensive work
has been conducted to develop robust tools for the prediction of
RNA secondary structure and structure-based inverse design13–22.
However, there does not exist an equally generalized set of tools for
computational engineering of RNA function. As RNA-based systems
have become more sophisticated and widely used, a disconnect
between deterministic thermodynamic properties and resulting RNA
function has grown, often necessitating experimental screening of
many RNA sequences3,5,7,9. Accordingly, data-drivenmethods that can

decipher the relationship between RNA sequence and function are
essential for expediting RNA device design and improving their
performance in biomedical applications.

To facilitate data-based approaches to RNA engineering, mas-
sively parallel reporting assays have been designed across a variety of
contexts, resulting in a number of datasets mapping functional RNAs
to their experimental performance23–34. Toehold switches35,36, 5′
untranslated regions (UTRs)37, CRISPR guide RNAs38, and ribosome
binding sites (RBSs)39 are all examples of RNA sequences that have
been functionally characterized using high-throughput screening. In
each of these cases, predictive models that operate on a one-hot-
encoded representation of the input sequences have been con-
structed alongside the datasets. The architectures and performance
of thesemodels vary widely, despite their common task of predicting
RNA function. This has resulted in several available predictive
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methods that are tuned extensively to their specific functional task
but cannot be applied to the full span of settings in which RNA has
found use. Just as thermodynamic algorithms for sequence-structure
relationships can be applied regardless of the class of RNA being
analyzed, we aimed to develop a similarly generalized framework
for predicting RNA sequence-function relationships and designing
new instances of RNA molecules with a pre-determined function.
A robust set of tools that enable the prediction of RNA function and
the inverse design of functional sequences could greatly accelerate
the deployment of RNA systems in both research and industrial
settings.

Despite both sequence and structure playing a large role in the
function of RNA molecules, there currently does not exist a gen-
eralized deep learning framework that incorporates both properties
to inform predictions. Here we report a deep learning approach that
incorporates the sequence and structure of RNA molecules (SAND-
STORM) to predict the function of diverse classes of RNAs. Using
SANDSTORMneural networks, we predict the functional activity of 5′
UTRs, RBSs, CRISPR guide RNAs, and toehold switch riboregulators.
By combining these predictive models with generative adversarial
RNA design networks (GARDN), we generate novel and realistic
instances of several of these RNA classes that also exhibit desirable
functional properties. This joint design method demonstrates that
the abstractions of secondary structure learned by the SANDSTORM
architecture can be effectively leveraged by the generator during
training, resulting in generated constructs that reflect experimentally
characterized thermodynamic properties. The ability to both predict
and generate RNA sequences with tailored functional activity across
a range of heterogenous application domains could serve as the
foundation of a wide range of next-generation computational
RNA tools.

Results
Implementing an efficient representation of RNA secondary
structure
In order topredict function usingboth sequence and structure,wefirst
developed a representation of RNA secondary structure that could be
supplied to a predictive model in parallel with one-hot-encoded
sequences (Fig. 1, Supplementary Fig. 1). To do so, we took inspiration
from the field of image classification, where manually engineered data
features have been surpassed by deep convolutional models which
learn their own abstractions of input data40. By constructing a basic
array that encoded only the locations of possible base pairing inter-
actions, we hypothesized that a deep convolutional neural network
(CNN) would be able to construct similar abstractions related to the
structure of an RNA molecule during the training process. The novel
structural array we present (Supplementary Fig. 2) is thematically
similar to others that have been developed for RNA inverse
design15,19,35, but offers the time efficiency necessary to be practically
useful in a deep learning pipeline while avoiding any assumptions
inherent to classic structural prediction algorithms (Supplemen-
tary Fig. 3).

Learning interpretable structural information with a simulated
dataset
We evaluated a CNN’s ability to convert our structural array into
interpretable structural information using a simulated dataset of toe-
hold switches and several decoy sequences (Fig. 2a). Toehold switches
are riboregulators that modulate translation of an output protein in
response to a complementary RNA input molecule3. These devices are
designed to hide the RBS and start codon from the translational
machinery by placing themwithin a cis-repressing stem. This stem can
be unwound by an RNA trigger that is complementary to the 5′ end of
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Fig. 1 | Overview of the SANDSTORM and GARDN models. a SANDSTORM
expands upon previous sequence-to-function neural networks by incorporating
both sequence and secondary structure array input channels. These paired inputs
are passed through parallel convolutional stacks that form an ensemble prediction
of input RNA function (see Supplementary Fig. 1a for a detailed depiction of

SANDSTORM). b GARDN is a generative adversarial network architecture which
accepts a random variable input (Z) and is tasked with designing realistic examples
of functional RNAs (see Supplementary Fig. 1b for a detailed depiction of the
GARDNgenerator). cA trainedGARDNgenerator canbepairedwith a SANDSTORM
predictive model to return realistic sequences with targeted experimental values.
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the switch, releasing both the RBS and start codon. Because these
devices require both sequence and structural motifs to function, they
serve as an ideal candidate to demonstrate the performance
improvement realized by using both properties as inputs. A dataset
was constructed consisting of canonical toehold switches and four
types of decoy sequences: sequences containingonly anRBSmotif and
random nucleotides; sequences containing only a start codon motif;
sequences containing both a start codon and RBS, but do not fold into
the toehold switch structure; and sequences that fold into the toehold
switch structure, but do not contain the necessary sequence-level
motifs.

We compared the performance of a model accepting only one-
hot-encoded sequences as inputs to the SANDSTORM model accept-
ing a paired sequence-structure input at the task of classifying each
memberof this simulateddataset (Fig. 2b, c). As expected, the one-hot-
encodingmodel did not perform aswell as the dual-inputmodel when
differentiating between canonical toehold switches and decoys that
contained the necessary sequence motifs but did not fold into the
correct secondary structure (single-input sequence-only model
AUC =0.72, SANDSTORMmodel AUC=0.97). As these two categories
are only differentiable at the secondary structure level, we concluded
that our novel array enabled the model to learn useful abstractions of
RNA structure to inform predictions.

To further validate that the paired-input classification model was
identifying meaningful representations of secondary structure, we
applied the integrated gradients technique41 to the trained predictive
model along the structural input channel (Supplementary Fig. 4a, b).
When examining a canonical toehold switch, this approach reveals a
strong model preference for base pairing interactions in the region of
the stem and a strong aversion for proximal off-target base pairing
interactions. This agrees closely with the minimum free energy

predicted structure of the sequence, indicating the model’s ability to
correctly identify and leverage interpretable structural motifs. As
structural features are products of primary sequence relationships, we
further hypothesized that a sufficiently complex sequence-onlymodel
would be able to eventually approach the performance of the dual-
input classifier. We explored this question by increasing the size of the
receptive field for the sequence-only model and by increasing the
number of trainable hyperparameters (Supplementary Fig. 5), both of
which should allow the sequence-only model to construct more
complex abstractions of the inputs it receives. In agreement with this
hypothesis, we found a steady increase in the sequence-only model’s
ability to correctly classify the structure-dependent decoy class as we
increased the size of the receptive field and total number of trainable
hyperparameters. Despite these improvements for the sequence-only
model, the dual-input method demonstrated consistently better per-
formance across parameter variations (Supplementary Fig. 5).

SANDSTORM models predict the function of multiple classes
of RNAs
After demonstrating the capability of the SANDSTORMarchitecture to
account for secondary structure in a more efficient manner than a
sequence-only comparator, we sought to determine if this approach
could be generalized to predict the function of different classes of real
RNA molecules (Fig. 3). As our goal was to develop a generalized fra-
mework for predicting RNA function, we designed a single, efficient
SANDSTORM CNN architecture that could be applied to many RNA
functional prediction tasks without sacrificing performance. Our
model consisted of a sequence input channel and a structure input
channel, each connected to an independent stack of convolutional
layers. The outputs of the convolutional channels were concatenated
before being passed through a final series of densely connected layers
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Fig. 2 | Extracting secondary structure information using a simulated dataset.
a A dataset of toehold switches and several types of decoy sequences was utilized
to determine whether a CNN could differentiate sequences on a structural basis.
Sequences consisted of canonical toehold switches, decoys containing only an RBS
motif (RBS decoys), decoys containing only a start codon motif (AUG decoys),
decoys containing both an RBS and start codon motif (RBS + AUG decoys), and
decoys that adopted the canonical secondary structure but did not contain the

necessary sequence motifs (binding decoys). b A CNN trained only on one-hot-
encoded sequences was not able to perfectly classify the canonical toehold
switches from the RBS +AUG decoys, which are only differentiable at a structural
level. c The SANDSTORMCNN accepting paired sequence and structure arrays was
able to identify both the sequence and structural features required to classify the
simulated dataset. Source data are provided as a Source Data file.
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to allow the model to learn complex relationships between the fea-
tures abstracted from each input. The model consisted of as few
trainable parameters as possible and the hyperparameters were not
tuned for each presented test case. The mean squared error (MSE), R2,
and Spearman correlation for SANDSTORM and the previously pub-
lished model for each regression task are compared, averaging across
three randomized training-testing splits (Supplementary Data 1 for
datasets).

Toehold switch prediction. Angenent-Mari et al.35 conducted an assay
that sorted a large library of toehold switches based on their resulting
fluorescence levelsmeasured in both the native folding conformation,
which corresponds to the OFF state, and when fused to the cognate
trigger, which is equivalent to the ON state. This dataset therefore
consists of toehold switch sequences that are mapped to a

fluorescence readout in the ON and OFF states, with desirable
sequences having the highest ON/OFF ratio possible. Despite the
wealth of data mapping sequence to function for toehold switches,
there is currently no theoretical framework that can reliably link
sequence or thermodynamic characteristics to ON/OFF ratios. Fur-
thermore, previous studies attempting to use engineered thermo-
dynamic features as the inputs to a multi-layer-perceptron similarly
failed to produce strong predictions35. The SANDSTORM-toehold
architecture can match the most successful model from previous
studies35,36 (MSE p-value = 0.13, two-sided t-test) values while using 67%
fewer trainable parameters (Fig. 3a).

5′ UTR prediction. Several cis-regulatory elements affect the transla-
tional efficiency of full-lengthmessenger RNAs in eukaryotic cells. One
such element that can have a profound effect on protein production is
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the 5′ UTR; however, a detailed prediction of the regulatory effect
cannot be captured by first-order sequence or structural
relationships42,43. To survey the space of regulatory UTRs, Sample
et al.37 conducted a high-throughput polysome profiling assay and
constructed a predictive CNN using the resulting sequence-function
dataset. Our SANDSTORM-UTR architecture was able to match the
previously reported performance metrics (MSE p-value = 0.32, two-
sided t-test) on this dataset (Fig. 3b) while using only 9.7% of the
number of trainable parameters, suggesting that the predictive cap-
abilities of SANDSTORM models can be applied across RNA classes.

RBS-flanking sequence prediction. The RBS sequence motif is
required for translation initiation in prokaryotic systems. While the
core motif is necessary for translation to occur, the variable
nucleotides surrounding the RBS can have a large impact on the
resulting degree of protein production11,44. This effect was quantified
in a high-throughput manner by promoting translation of a site-
specific DNA recombinase off a library of different RBS-flanking
sequences39. When translated, this recombinase can flip the orien-
tation of downstream section of the DNA molecule, allowing the
fraction of DNA readouts that are flipped after sequencing to serve as
a proxy for translation efficiency. As with the other cases reported
here, the relationship between RBS-flanking sequences and transla-
tion efficiency was originally modelled using a sequence-only prob-
abilistic deep learning framework. The SANDSTORM-RBS model was
able to again match the predictive performance of the previously
published approach (R2 p-value = 0.50, Spearman p-value = 0.95, two-
sided t-test) while using 95% fewer trainable parameters (Fig. 3c). As
the original model published with this dataset used a probabilistic
loss instead of MSE, the performance comparison consists of only
the correlations between predicted and ground-truth outputs.

CRISPR Cas13a target-guide prediction. CRISPR/Cas nucleases
enable site-specific cleavage of nucleic acids based on the spacer
sequence supplied by a guideRNA2. Predicting the efficiencyof on- and
off-target sequences that could be cleaved by Cas nucleases is a major
challenge in the development of CRISPR systems and has been
approached with a variety of different methods. To tackle this chal-
lenge, high-throughput methods31,38 have been developed to map the
relationship between gRNA/target RNA pairs and resulting Cas13a
collateral cleavage efficiency. The SANDSTORM-Cas model is capable
of significantly improving on the performance of the previously
characterized sequence-only model38 (MSE p-value = 2.5 × 10−8, two-
sided t-test) while using only 42% of the trainable parameters (Fig. 3d).
Additionally, this test case demonstrates that SANDSTORM archi-
tectures are capable of predicting RNA functions that are not tied
directly to a translational readout, further supporting the general-
izability of this approach.

Implementing a generative architecture for RNA design
After establishing a generalized approach to predict RNA function,
we aimed to develop a similarly robust framework for designing
functional RNA sequences. While generative modelling has recently
gained traction across a number of different molecular design
tasks45–53 the heterogeneous functions of RNA create a distinct set of
design constraints that are not easily accounted for in a generalized
manner. Certain functional RNA molecules, such as 5′ UTR sequen-
ces, do not require the inclusion of specific sequence or structural
motifs in order to function, while many naturally occurring RNA
sequences must strictly adhere to a target structure or incorporate
regulatory motifs to demonstrate their intended effect. More com-
plex still are synthetic RNA switches, which must adopt a target
conformation while retaining nucleotide diversity within their pro-
grammable target recognition regions. Various generative and ther-
modynamic design tools have flourished individually in each of these

domains9–11,13–15,18,22–24,26,28,36–39,45,47,49–53; however, a generative counter-
part to our SANDSTORM architecture that can be used regardless of
the sequential or structural constraints of the design task has yet to
be developed for functional RNA molecules.

In order to unify the strengths of both thermodynamic- and deep
learning-based design approaches, we developed Generative Adver-
sarial RNA Design Network (GARDN) models that could incorporate
both variable and conserved sequence motifs, experimental predic-
tions, and adherence to a target secondary structure. Generative
Adversarial Networks54,55 have demonstrated striking results across a
number of different domains, and further offer the ability tobedirectly
optimized by a trained predictive model45. As a proof of concept for
utilizing a generative adversarial network in tandem with our
structure-informed predictive tools, we began with the least-
constrained task of generating 5′ UTR sequences. While these
sequences can have a profound effect on translation levels, there are
no specific requirements that a design algorithmmust adhere to for a
candidate UTR to be considered valid. We first characterized a GARDN
model that could faithfully recreate the sequential and structural
attributes of the entire dataset used during training (Appendix 2,
Supplementary Fig. 6). When optimizing this model with our trained
SANDSTORM-UTR predictor, we could furthermore fine-tune the
generated outputs to recreate the distribution of lowest- or highest-
expression sequences while reflecting both global and local structural
profiles (Appendix 2, Supplementary Fig. 7).

Following this proof of concept, we investigated the utility of the
GARDN approach on themore specific design task presented by RBSs.
These sequences must incorporate some portion of the Shine-
Dalgarno sequence (AGGAGG) to efficiently promote translation;
however, the context surrounding the core motif can greatly impact
the resulting protein expression. We trained a GARDN model on the
RBS dataset and optimized the output sequences using a trained
SANDSTORM-RBS predictor. The resulting post-optimization
sequence group favored the incorporation of the core Shine-
Dalgarno sequence compared to the non-optimized sequences
returned by the GARDN model (Fig. 4a, top, middle), indicating that
sequence-function relationships learned by the predictor can directly
guide the sequences returned by the generator during optimization.
This preference was in line with the three highest-performing
sequences reported in the experimental dataset (Fig. 4a, bottom),
which also demonstrate the inclusion of this motif. We experimentally
validated the performance of 5 RBS sequence pairs optimized by the
GARDN-SANDSTORM routine, demonstrating a geometric mean fold
change of 28.2 between pre- and post-optimized sequences (Fig. 4b).
Strikingly, 3 out of 5 of the GARDN-SANDSTORMoptimized sequences
also exceeded the translational activity of the threehighestperforming
sequences reported in the original dataset used for training (Fig. 4b).
Adherence to the constraints of RBS design while also accounting for
experimental performance highlights the utility of the GARDN-
SANDSTORM across diverse RNA settings.

While the GARDN-RBS designs show significant performance
improvements, the specificity of this RNA design task represents a
challenge that generative models are intrinsically well-suited to
address. Notably, when a highly conserved sequence motif is pre-
dominantly driving RNA function, a generative model must primarily
identify and reproduce those nucleotides which are conserved across
active members of the sequence group in order to return a valid can-
didate. We aimed to expand this framework to the far more challen-
ging task proposed by the design of RNA switches, in which candidate
sequences must adhere to a target secondary structure in a sequence-
independent manner while also incorporating conserved nucleotide
domains. For this task, we focused on the design of toehold switch
riboregulators.

During preliminary tests, we found the generative architectures
that enabled UTR and RBS generation struggled to adhere exactly to
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the target stem-loop structure required for toehold switch devices to
function (Supplementary Fig. 8). Previous generative approaches to
toehold switch design have approached this problem by manually
correcting generated constructs that have been optimized using acti-
vation maximization, which introduces non-trivial changes to the
predicted score36. Here, toehold switch generation was accomplished
by adapting a thematically similar approach to previous RNA inverse
design software, where a target secondary structure can be specified
by a user. This took the formof a reverse complementation layer in the
generator network which operated on the latent nucleotide array,
mapping the regions upstream and downstream of the RBS that base
pair in the toehold switch before being passed through a final con-
volutional output layer. This development allowed several improve-
ments offered through differentiable design while converging
efficiently (Supplementary Fig. 9) and retaining the ability to design
molecules with a programmable target secondary structure.

We analyzed the resulting secondary structures of GARDN-
generated toehold switches as well as those designed using activa-
tion maximization, constrained activation maximization (where the
conserved sequence regions are included in the input seed)49,52, and
NUPACK14. For a qualitative assessment of design quality, we com-
puted the MFE structures of the toehold switch designs and overlaid
them on top of one another with a degree of transparency to visualize
the ensemble of secondary structures generated by the different
design strategies (Fig. 5a–f). In this representation, the most likely
sequential character at each position was additionally calculated, and
the resulting overall structure dictated by this calculation is displayed
in bold (a linear, unpaired structure is displayed for sequence groups
that return an invalid structure). For quantitative assessment, we
employed a metric that could provide single-nucleotide resolution of
structural agreement based on the expected paired or unpaired state
of each nucleotide across an entire group of sequences (seeMethods).
This structural agreement metric was used to score how well the toe-
hold switches designed using each algorithm adhered specifically to
the target canonical toehold switch structure (Fig. 5g, h). Sequences
designed using NUPACK, without any added constraints on the target
RNA sequence, showed the optimal structural distribution, as expec-
ted (Fig. 5a, h). The experimental toehold switch dataset used during

the training process, which featured target RNA sequences from
viruses and human genome sites, displayed lower structural agree-
ment due to the additional sequence constraints but adopted the
expected toehold switch secondary structure (Fig. 5b, h). In contrast,
toehold switches designed using either standard or constrained acti-
vation maximization did not converge to a structure that would be
expected to exhibit the key switchingmechanism required to function
(Fig. 5c, d), resulting in a significant reduction in structural agreement
(Fig. 5h). Designs generated using activation maximization also failed
to recapitulate the conserved RBS and start codon sequences neces-
sary for translation (Supplementary Fig. 10). GARDN-generated toe-
hold switches, however, demonstrated a steady increase in structural
agreement over adversarial training iterations, until finally converging
to a value which replicates the distribution of secondary structures of
the experimental toehold switch dataset used during the training
process (Fig. 5g, h). We also used GARDN in tandem with the
SANDSTORM-toehold predictor to generate toehold switches opti-
mized to have extreme ON values. These GARDN-SANDSTORM
designs not only retained the ensemble secondary structures of the
training dataset during optimization, but additionally incorporated
specific sequence preferences that matched those previously corre-
lated with high ON-state expression in experiments based on ther-
modynamic considerations (Fig. 5f, h and Supplementary Fig. 10).
These results demonstrate that a combination of the adversarial
training setup and optimization guided by a structurally informed
predictive model can allow for thermodynamically realistic, high-
performance sequences to be designed using GARDN models.

Previous approaches have relied on post-hoc editing of designed
sequences to achieve a plausible binding structure. Introducing man-
ual corrections after completing the optimization procedure intro-
duces a non-trivial disconnect between the model’s prediction of the
sequence’s function before and after the adjustment. By optimizing a
generator with an output that adheres to the expected grammar of a
toehold switch, the latent space providing inputs to the GARDN
models can be efficiently explored with respect to ON values without
having to make manual edits to the resulting sequence that are
destructive to the validity of the prediction (Fig. 5f). The structural
agreement traces of both GARDN and GARDN-SANDSTORM
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constructs (Supplementary Fig. 11) reveal that these sequences deviate
from the target toehold switch structure at the same loci as the
experimental dataset, demonstrating that both global and local sec-
ondary structural profiles are faithfully recreated by the generator.
While sequences designed using NUPACK showed the optimal struc-
tural distribution, this effect is expected as the GARDN models were

trained to recreate the experimental distribution (Fig. 5b) encountered
during training.

We found that a pre-trained GARDN model also demonstrates
better nucleotide variability (Supplementary Fig. 10) and faster gen-
eration time (Supplementary Fig. 11) than standard inverse design
algorithms13–15, with the added benefit of having a score predicting
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model training, (c) single sequence activation maximization, (d) single sequence
activation maximization with starting seeds containing the constant motifs, (e)
GARDN, and (f) GARDN-SANDSTORM with toehold switches optimized to have
high ON values (n = 300 a–f). Predicted structures were calculated using standard
structural prediction software13–15, with the bolded structure representing themost

likely structural character at each position (unpaired for heterogenous sequence
groups where the most likely structure is not valid). g Structural agreement of
GARDN-generated toehold switch sequences increases over adversarial training
iterations, until converging to the experimental average. h Final structural agree-
ment between toehold switches designed using different algorithms and the target
canonical toehold switch secondary structure (quantification of a–f see Methods).
i ON-value optimization results for GARDN-designed toehold switch sequences
against the SANDSTORM-toehold predictive model. 300 calls to the predictive
model resulted in a 37% increase in averageON score. Source data are provided as a
Source Data file.
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design function. This variability is critical in in diagnostic applications
wherea limited set of solutions can impede the rangeof possible target
molecules which activate the system and synthetic biology applica-
tions where high overlap between multiple constructs can lead to
unintended cross-talk3. The lightweight SANDSTORM prediction
architecture results in a simplified optimization landscape allowing for
efficient and reliable sequencedesign. Using GARDN-SANDSTORM,we
were able to achieve an average 37% percent increase in predicted
normalized ON values of GARDN-generated sequences with only 300
calls to the predictive model (Fig. 5i). We repeated this procedure
using several variations of the SANDSTORMarchitecture that varied in
total parameter count, finding that models with a larger number of
trainable parameters tended to over-estimate the level of improve-
ment demonstrated between pre- and post-optimization sequences
(Supplementary Fig. 12). Improving the predicted scores of generated
constructs was possible without sacrificing the realistic sequence
contents of the resulting designs (Supplementary Fig. 10). Toehold
switches optimized by GARDN-SANDSTORM demonstrated superior
variation in the trigger and stem domains compared to other
approaches while maintaining the constant RBS and start codon
motifs. Moreover, comparing the sequence contents of GARDN-
optimized toehold switches to those optimized with standard activa-
tion maximization and constrained activation maximization demon-
strates that in the absence of a generator network, optimized
sequences will trend towards solutions that trivially maximize the
score of the predictor at the expense of both sequence and structural
design constraints (Fig. 5c, d).

Experimental validation of GARDN-SANDSTORM toehold
switches
To verify the performance improvement afforded by GARDN-
SANDSTORM generative RNA design, we experimentally character-
ized the performance of several groups of toehold switch sequences
designed using different algorithms. These groups consisted of non-
optimized outputs from the GARDN models, GARDN sequences opti-
mized to have high ON-state GFP expression using an ON-only
SANDSTORM predictive model, GARDN sequences designed to have
both a highON state GFP expression and lowOFF state GFP expression
using a joint ON/OFF SANDSTORM model, and those designed using
NUPACK (see Source Data for sequences). For the most straightfor-
ward comparison between the design algorithms, we utilized the core
NUPACK algorithm to design the 60-nt switch sequence only, rather
than incorporating potential additional context such as the coding
sequence or RBS, as the effect of incorporating these factors is not
represented in the high-throughput training data. The resulting
designs were characterized in Escherichia coli in conditions matching
the toehold switch dataset used for training35 with the switch RNA on
its own used to evaluate the OFF state and an RNA featuring a switch-
trigger fusion used for the ON state (see Methods). Compared to the
default GARDN output, sequences optimized with an ON-only SAND-
STORM predictive model show a 3.8-fold increase in the geometric
meanofGFP fluorescence from their parent sequences in the presence
of the cognate trigger after only 300 calls to the predictive model
(Fig. 6a; total optimization runtime ~11 s). The ON-optimized GARDN-
SANDSTORM sequences additionally demonstrated an average fluor-
escence 4.8-fold higher than NUPACK (Fig. 6b). This result highlights
the ability of our optimizationprocess to improve specific attributes of
RNA sequences.

Optimization of ON/OFF ratios is a more complex task, as the
predictor must convey meaningful information related to the perfor-
mance of each sequence in two independent experimental states.
Furthermore, the sequence or structural factors thatminimize leakage
in theOFF state, suchashighGCcontent that creates a strong stem, are
frequently at odds to those that maximize expression in the ON state,
where an AU-rich stem can more readily unwind leading to increased

expression3. Despite this dynamic tradeoff, GARDN-SANDSTORM
optimization by a predictor trained on the ON/OFF ratios of toehold
switch sequences demonstrated a geometric mean of 3.7-fold increase
in ON/OFF ratios compared to their non-optimized counterparts
(Fig. 6c). These findings demonstrate the capability of the GARDN-
SANDSTORM approach to optimize RNA molecules with complex,
multi-faceted functions, a key factor for the design of RNA across
modern biotechnology settings.

Both the non-optimized GARDN and GARDN-SANDSTORM
sequence groups demonstrated remarkable improvements of 3.8-
fold and 11.9-fold, respectively, in experimental ON/OFF ratios com-
pared to those designed using NUPACK (Fig. 6d). Importantly, this
increase in performance does not come at the expense of either the
sequence or structural realism of the designs.

Screening a limited library of aptaswitches for SANDSTORM
training
The use of generative modeling for molecular design is fundamentally
constrained by the need to train on large quantities of experimentally
collected data. This limitation can be prohibitive for the creation of
new classes of riboregulators, in which only a handful of examplesmay
show the desired regulatory effect in initial experiments. Despite this,
there are many common design motifs that appear across a diverse
range of functional RNA classes. For example, many recent works have
utilized programmable RNA-RNA interactions to control cellular
translation levels, or they have coupled toehold-switch-like secondary
structures to the formation of a various regulatory motifs56–61. These
systems have been engineered in settings ranging from cell-free sys-
tems to in vivo animal models. However, these same design motifs
appear to consistently regulate diverse RNA processes. The use of
generative modelling for these applications has thus far been limited
by a lack of available training data.

We investigated if the design approach of coupling toehold
switch-like structures to new regulatory motifs could be achieved by
optimizing our GARDN model with a predictor trained in a new
domain. To emulate settings in which high-throughput data may not
be available, we used a low-throughput, manually collected library of
384 sequences. As the template for this investigation, we used the
recently developed aptaswitch system58, which couples a stem-loop
RNA secondary structure to the formation of a reporter aptamer via
toehold-mediated strand displacement (Fig. 7a). Toehold switches
and aptaswitches have common design features and critical differ-
ences that made them a plausible, yet challenging, candidate for our
design strategy. Similar to the toehold switch, the aptaswitch stem-
loop structure is unwound in response to a complementary RNA or
DNA target. Unlike the toehold switch, however, the region of the
aptaswitch released by target binding is used to form a downstream
stem domain, promoting folding of the reporter aptamer and
enabling binding of the ligand. For diagnostic purposes, the aptas-
witch reporter aptamer is often Broccoli, which associates with its
ligand DFHBI-1T to generate a bright green fluorescent signal62 Thus,
output from the aptaswitches is not tied to translation of a reporter
and aptaswitch activation requires a more complicated shift in
structural conformations between the ON and OFF states compared
to toehold switches. We constructed and screened an aptaswitch
library by sampling 384 sequences from the Angenet-Mari et al.35

toehold switch dataset and converting these template hairpins into
137-nt aptaswitch constructs using the Broccoli aptamer as the
reporter (Fig. 7b, c).

The converted aptaswitch library demonstrated a range of ON/
OFF ratios spanning three orders of magnitude (Fig. 7b). While these
devices contain many of the same structural elements as toehold
switches, theywere screened against freeDNA targets and controlled a
distinct biological output, resulting in performance that varied greatly
from their original context (Fig. 7d). In order to apply our generative
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approach given this variation, a SANDSTORM predictive model nee-
ded to be characterized on the sequences as measured in their
aptaswitch conformation. In data-scarce conditions such as these,
deep learning predictive models are extremely susceptible to over-
fitting. While transfer learning can be efficiently used to fine-tune a
pretrained predictive model on scarce examples in a new domain, we
sought to investigate if the computational efficiency of the SAND-
STORM architecture would enable us to train from scratch using this
dataset. After benchmarking themodel on 100 unique training-testing
splits, we confirmed that the SANDSTORM-aptaswitch model reliably
converged in 37 out of 100 training instances (Supplementary
Figs. 13 and 14), achieving amedian spearman rank correlation of 0.195
(Supplementary Fig. 13a, Appendix 3). We further validated that var-
iation in predictive model performance was not due to favorable
splitting of the data (Supplementary Fig. 13a–e, Appendix 3). This
allowed us to confidently filter formodels that demonstrated accurate
training with minimal risk of selecting based on trivial performance
driven by specific, favorable data samples.

We experimentally validated the predictive capacity of the trained
SANDSTORM-aptaswitch models on unseen sequences in a setting
emulating novel diagnostic design, where a high-performance aptas-
witch sequence providing a high ON/OFF ratio against a specific
pathogen target must be rapidly identified from a pool of hundreds of
candidate sequences (Fig. 7e). A library of unseen aptaswitch
sequences designed to recognize all 30-nt tiles of the SARS-CoV-2 N
gene (N = 1230) was created in silico, and these sequences were ranked
according to their predicted ON/OFF values using mean predictions
across each of the successfully trained models. For comparison, we
used NUPACK to create a ranked list of sequences from the same pool
of possible tiles, using the ensemble defect of the switch (NUPACK
Switch) or switch/trigger complex (NUPACK Complex) to rank pre-
ferrable sequences. The six highest predicted sequences for SAND-
STORM demonstrated a mean ON/OFF ratio of 62.46, nearly tenfold
higher than the meanON/OFF ratio of the six predicted lowest of 6.69
(Fig. 7f, p =0.0076, one-sided Mann–Whitney U test), confirming the
performance of the model on unseen sequences despite the extreme

a b

c d

11.9x

3.8x

1.9x

4.8x

Fig. 6 | GARDN-designed toehold switches show improved experimental per-
formance in E. coli. a Individual toehold switch sequences designed by GARDN to
have a high ON-state expression (see Supplementary Data 3 for sequences) show a
geometric mean of 3.8-fold increase in GFP expression in the presence of their
cognate trigger in E. coli after optimization by a SANDSTORM predictive model
(p =0.016, one-sided Wilcoxon ranked-sum test). b GARDN and ON-optimized
GARDN-SANDSTORM toehold switches demonstrate a 1.9-fold and 4.8-fold
increase in ON state fluorescence (p =0.008, p =0.002, one-sided Mann–Whitney
U test). c, Toehold switches designed to exhibit high ON/OFF ratios by the GARDN-

SANDSTORM routine demonstrate a geometric mean increase in ON/OFF ratio of
3.7-fold using 300 calls to a predictive SANDSTORM model (p =0.016, Wilcoxon
ranked-sum test). d Both non-optimized GARDN sequences and GARDN-
SANDSTORM optimized groups show a significant increase in performance of 3.8-
fold (p =0.002, one-sided Mann–Whitney U test) and 11.9-fold (p =0.002, one-
sided Mann–Whitney U test), respectively, compared to those designed using
classic inverse design software. See Methods (Flow Cytometry Analysis) and Sup-
plemental Information for representative flow cytometry gating strategy. Bars
represent the mean± s.d. Source data are provided as a Source Data file.
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scarcity of available data. In comparison, the top six sequences iden-
tified by NUPACK Switch and Complex approaches demonstrated
mean ON/OFF ratios of 38.59 and 56.25 (Fig. 7f). SANDSTORM addi-
tionally identified the highest individual aptaswitch from the pool of
tiles across each of the algorithmic approaches tested, a critical result
for the deployment of this technology for rapid diagnostic design.
Evaluating the entire N gene using a single SANDSTORM model
required less than a second, while structural evaluations of this pool
using NUPACK required 34.7 s. This efficiency is particularly relevant
for real pandemic response settings, where the full-length genomes of
multiple variants and closely related pathogens must be considered
for diagnostic targeting on rapid timelines. This overall performance
of SANDSTORM compared to thermodynamic tools demonstrates the
potential for utilizing this framework to rapidly design RNA devices
with limited experimental screening.

GARDN design of aptaswitches
To investigate whether the GARDN-toeholdmodel could be optimized
by the aptaswitch predictors to return high-performance sequences in
this new domain, we conducted a computational sequence design
experiment using each of the 37 successfully trained models. During
optimization, the 60-nt toehold switch returned by the GARDNmodel
was concatenated to the aptamer core and stem-forming b domain
before being scored by a specific SANDSTORM predictor (Fig. 8a).
Each SANDSTORM model was tasked with independently optimizing
100 converted aptaswitch sequences returned by the GARDN-toehold
model for 300 optimization steps per sequence. From this group, we
identified the specific model that demonstrated the greatest
improvement between the pre- and post-optimized sequences (Model
A) as ranked by the mean predicted ON/OFF of the 36 other models to
carry forward for experimental validation. We hypothesized that the

Protein Coding Sequence

a

a b

Toehold

Aptaswitch RNA

Aptamer Core

c

b*

b

c*
Trigger DNA

a* b*

ba c

c*

bb*

a* b* c*

Stabilized Aptamer

ligand

Activated Fluorescence

COVID N Gene Tile Predictions

NUPACK S
witc

h

NUPACK C
om

ple
x

SANDSTORM
 L

ow

SANDSTORM
 H

igh

b

a b

Toehold

Toehold Switch

c

b*

c*

RBS

AUG

Aptaswitch

Toehold
Aptamer Core

Convert sampled 
sequences

Evaluate in vitro

COVID-19 N gene

Tile into possible target sequences

Rank sensor-target pairs in silico 

c d

e f

target

aptaswitch

target

target

aptaswitch

aptaswitch

1.

2.

3.

a b

c

b*

c*

b

Fig. 7 | Screening a limited dataset of aptaswitches. a Aptaswitches couple a
toehold switch-likeRNAhairpin to the conditional formation of a reporter aptamer.
Fluorescence is generated in the presence of both the complementary target DNA
molecule and the aptamer ligand. b A library of 384 aptaswitches were screened
experimentally to evaluate the SANDSTORMmodel’s capacity on limited datasets.
c The aptaswitch library was constructed by converting toehold switch sequences
from Angenet-Mari et al35. into aptaswitches and manually characterized for their
ON/OFF ratios (see Supplementary Data 4 for sequences). d The performance of
converted aptaswitch elements varied greatly from their original context,
demonstrating the need for a domain-specific predictor to be trained on the novel
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of −1 to 1 from the original high throughput dataset. e The corresponding aptas-
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consensus between models regarding the performance of sequences
designed under the guidance ofmodel Awould translate to the largest
improvement in experimental performance. The GARDN-
SANDSTORM optimized sequences demonstrated a geometric mean
improvement in ON/OFF ratio of 1.49 across twelve pre- and post-
optimization aptaswitches (Fig. 8b), with the post-optimization group
demonstrating a mean ON/OFF ratio of 65.21 compared to the pre-
optimization average of 40.45 (p =0.1, one-sided Wilcoxon signed-
rank test). For comparison,weutilizedNUPACK todesign a groupof 12
aptaswitches without any additional sequence constraints, which
demonstrated a similar mean ON/OFF ratio of 67.92 (Fig. 8b).

Unlike in our investigation of toehold switches and RBSs, where
every optimized sequence showed improvement, we found that 7/12
sequenceoptimizationpairs demonstrated improvements formodel A
under identical optimization conditions to those explored throughout
our previous experiments (Fig. 8c). While this change was not as
drastic as the case of using SANDSTORM alone to screen aptaswitch
candidates, this was to be expected given that the pre-optimization
sequences were not initially selected for low performance, but were
random. We further explored if a prolonged optimization relative to
the initial settings could improve the downstream performance of the
returned aptaswitches. We increased the number of steps in the
GARDN-SANDSTORM design process from 300 to 600, again using
model A to guide the procedure. Under these conditions, the post-

optimization group demonstrated a mean ON/OFF ratio of 74.02
compared to the average of 52.57 for the initial group (p =0.039, one-
sidedWilcoxon signed-rank test) with 10/12 sequences improving. The
geometric mean of the improvement demonstrated by optimized
sequences was 2.07, (Fig. 8d) indicating the utility of this approach
despite the limited availability of data. The highest ON/OFF ratios for
the post-optimized GARDN-SANDSTORM aptaswitch groups were
161.9× and 158.3×, despite encountering only 14 sequences (3.6% of the
dataset) greater than or equal to this activity during training. These
results demonstrate the potential for SANDSTORM and GARDN
models to serve as valuable components of the RNA design toolkit
regardless of the functional complexity or data limitations of the
design task.

Discussion
We have demonstrated that by incorporating the secondary structure
of RNA molecules into a deep learning framework, we can achieve
state-of-the-art functional prediction performance using a stream-
lined, generalizable CNN architecture. Additionally, we have shown
that these models can extract interpretable abstractions of RNA
structure—the presented generative models built around this encod-
ing recreate experimentally validated thermodynamicpropertieswhile
being optimized for function. These properties directly translate to
improved experimental performance compared to current state-of-
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the-art sequence design tools while retaining critical conserved
sequence elements, nucleotide diversity, and targeted structural
properties.

The GARDN approach offers a strong solution for designing
structurally realistic RNA molecules with functions that cannot be
accurately predicted using thermodynamic attributes. It is particularly
helpful in domains that offer limited training data, or where candidate
molecules must adopt a target secondary structure in a sequence-
independentmanner. Future investigations could explore if this design
paradigm shows improved performance by avoiding the underlying
thermodynamic assumptions of standard inverse design tools or by
accounting for additional factors that may be represented in high-
throughput data. GARDN-SANDSTORM optimization pairs addition-
ally outperform the 2.6-fold improvement in ON/OFF ratios reported
for activation maximization sequences from previous studies36 while
limiting optimization runtime, which could be the product of the
elimination of post-hoc sequence adjustments or improved optimi-
zation efficiency given the streamlined predictors.

Both SANDSTORM and GARDN models could be readily applied
to new datasets mapping RNA variants to their functional perfor-
mance. Other domains such as transcriptional riboregulators, IRES-like
elements, and RNA protein-binding recognition sites63–66 all have a
critical dependency on RNA structure that would make them aptly
suited for SANDSTORM predictions and GARDN design. While there is
no definitive lower bound on the number of sequences needed to
deploy these models, the results demonstrated on our aptaswitch
dataset suggest that these tools may be extremely useful for designing
newRNAdevices in data-scarce conditions. This capability could prove
valuable in future pandemic response contexts, where rapidly identi-
fying an optimal diagnostic with limited available data is common, or
as a copilot for designing novel riboregulators containing toehold
switch design motifs. The efficiency of the SANDSTORM models
enabled meaningful identification of sequence-to-function relation-
ships that could be leveraged for design using only 384 training
examples. Future areas of investigation indata-scarce conditions could
explore unsupervised identification of adequately trained models that
are propagated for downstream design tasks or could explore the
possibility of expanding upon the strict optimization limit of only 600
predictor queries imposed on our framework during the design and
optimization procedure.

We expect that future work will focus on striking the same bal-
ance between biological-feature engineering and deep-learning-
based feature abstraction that enable the enhanced performance of
the SANDSTORM models. While the predictive capability demon-
strated here could likely be improved by fine-tuning the dual-input
architecture to each task, retaining generalizability is a critical con-
straint for the design of machine learning systems in biological
contexts. The expansion of the latent reverse complementation layer
of the GARDN-toehold generator to an arbitrary target secondary
structure could additionally enable the benefits of differentiable
design for several de novo RNA devices. In this work we have focused
on relatively short functional RNA sequences up to 137 nt in length
and on datasets of uniform RNA length. As the toolkit of RNA mole-
cules expands in both length and complexity andmore RNA libraries
of varying sequence length are tested, further investigation will be
needed to overcome the challenges these tasks will inevitably
present.

As engineered functional RNAs continue to gain traction in var-
ious domains of biotechnology, the toolkit of computational methods
for RNA design must keep pace. Reliable generative tools for engi-
neering functional sequences will continue to be essential for rapidly
adapting RNA systems to new use cases with minimal experimental
screening. SANDSTORM and GARDN models offer a promising solu-
tion to the experimental screening challenge; the generalized ability to
predict and design functional RNA molecules with increased

performance while maintaining realistic secondary structures could
serve as the foundation of a next-generation set of computational
RNA tools.

Methods
Secondary structure array calculation
The secondary structure array presented in this work is an NxN array,
whereN is the length of an RNA sequence. Each point ði, jÞ in this array
is assigned a valuebasedon thepossibility of thenucleotide atposition
i forming a Watson-Crick base pair with the nucleotide at position j. If
ði, jÞ does not form a canonical base pair, a value of 0 is assigned. If ði, jÞ
forms anA-Ubasepair orG-Uwobble base pair, a value of 2 is assigned,
and if ði, jÞ forms a G-C base pair, a value of 3 is assigned. These values
reflect the number of hydrogen bonds that form in their respective
base pairing interactions and are included to provide the model with
information related to binding strength.

Structure-based classification testing
Several classes of labelled decoy toehold switches were manually
constructed by inserting conserved sequence elements at the required
positions and creating the necessary one-hot and structural arrays.
These sequences were used to evaluate the ability of the structural
array to encode meaningful information. In the first training experi-
ment (Fig. 2), the dataset consisted of 8000 unique, one-hot-encoded
sequences for each decoy class combined with 8000 original toehold
switches sampled randomly from the Angenent-Mari et al.35 dataset.
Standard multi-class classification was conducted on this synthetic
dataset using a simplified version of both the two-input and sequence-
only models and multi-categorical cross-entropy loss. The introduc-
tion of a second convolutional channel in the SANDSTORM model by
default will increase the number of trainable parameters relative to a
sequence-only model, which may lead to an artificial inflation in the
performance of the two-channel models. To compensate for this, the
two-input and sequence-only models were composed of the same
depth of convolutional layers (3), but the number of filters per con-
volutional layer in the dual-input model was reduced to balance the
number of trainable parameters between the two. The same split of
data (75% training, 25% testing) was used to compare the performance
of the twomodels, with ROC curves and AUCmetrics calculated using
sklearn. To investigate the impact of receptive field size on sequence
or paired input model performance, the same predictive models and
training data as before were employed, however, the first convolu-
tional filter varied in size beginning with a 1 × 1 kernel and then
exploring kernels ranging from 4 × 1 to 4 × 30 in increments of 1. To
explore the performance of the models under varying total parameter
counts, the number of filters per convolutional layer in each layer of
the models was increased while maintaining an initial filter size of
4 × 18. Thedata ablation investigationwas conducted by increasing the
number of RBS-AUG decoys in the dataset from 2000 to 48000, with
the AUC values for this class specifically reported. Across each of these
accessory tests, the same train-test splits were supplied to both the
sequence and paired input models in three independent, randomized
replicates.

SANDSTORM predictive architecture and training
The full-sizedpredictivemodel consistedof twoparallel stacks of three
convolutional layers, with each convolutional stack extracting motifs
from the one-hot-encoded sequence arrays and structural arrays,
respectively. The structural array convolutional channel consisted of a
spatial dropout layer (dropout = 0.2) between the first and second
convolutional operations while the sequential input channel included
batch normalization at this layer. Global maximum pooling was
applied to the output of the structural convolutional stack (Glo-
balMaxPooling2D within tensorflow). The outputs of these convolu-
tions were concatenated before being passed through a series of three
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densely connected layers to a final output that returned a value for
each functional property of the input sequences (e.g., ON and OFF for
toehold switches, Mean Ribosome Loading for UTRs, etc.). Relu
internal activation functions were used for all layers of the model and
training was conducted using the Adam optimizer.

The model was retrained for each published dataset without
hyperparameter tuning to ensure generalizability across classes.
While hyperparameter tuning was not conducted, the resulting
model size for each task does vary slightly due to the variation in size
of the input sequence. Model training was conducted in the same
environment for both the SANSTORM and previously published
model in each case (see Supplementary Fig. 1 for a detailed diagram
of the model architecture). For toehold switches, RBSs, and 5′ UTR
training, both the SANDSTORMmodel and comparator were trained
on three randomly identified training-testing splits using the sklearn
toolkit (train_test_split, test size = 20%) while stratifying with respect
to the target variable. For gRNA data splitting, the code from the
original work was utilized to identify training splits as inputs to the
previously publishedmodel based on the resampled dataset with the
following parameters: subset=’exp’, stratify_by_pos=False. Data splits
for the SANDSTORMgRNApredictor were identified using a grouped
splitting (sklearn, GroupedShuffleSplit) function to ensure that
complete groups of resampled elements were retained uniquely
within either the training or testing sets. Reported metrics were
averaged across each of the training replicates. The SANDSTORM
gRNA predictor was additionally expanded to accept the paired
guide-target encoding employed by the original work38. In this con-
text, the structural array inputs were calculated based on the
sequence of the target RNAs with 20 nt of additional context. Jupyter
Notebooks allowing the retraining of both SANDSTORM and the
comparator model from scratch within the same environment are
available in the code repository. A refined training procedure was
conducted on the limited aptaswitch dataset that is outlined in detail
in Appendix 3.

GARDN architecture
The GARDN-toehold generator models were trained under WGAN-GP
settings. The GARDN-toehold generator was composed of a series of
upsampling layers followed by spectrally normalized convolutional
layers and batch normalization. This layer progression was stacked 3
times, with upsampling layer sizes of (2,5), (2,6), and (1,2), eventually
returning a 60-nt sequence. As the original toehold switch dataset
consisted of 59 variable nucleotides, real samples were concatenated
to the 5′ conserved ‘C’ nucleotide of the pre-sequence linker to allow
the length to be a non-prime number for the upsampling progression.
Following these upsampling operations was the programmable
reverse complementation layer broadcasting nucleotide positions and
a final convolutional layer. The toehold-discriminatormodel consisted
of 3 spectrally normalized convolutional layers, each followed by a
layer normalization operation as a drop-in replacement for batch
normalization as suggested by the original WGAN-GP authors55. The
GARDN-UTR model leveraged transpose convolutional layers in place
of upsampling with sizes of (2,5), (2,5), and (1,2) to reach the 50-nt final
sequence output. The GARDN-UTR generator also utilized a self-
attention layer67 following the three transposed convolutions and
before being passed through the final convolutional output instead of
a programmable reverse complementation operation to potentially
allow for non-specific, long-range nucleotide dependencies. The
GARDN-RBSmodel followed a similar architecture that included a self-
attention layer; however, the final sequences were 17 nt in length. A
layer progression outputting an 18 nt sequence array was deployed
((2,3), (2,3), (1,2)), with a slicing operation utilized to extract all but the
first nucleotide, which was not considered by the discriminator. This
resulted in the necessary 17 nt array that could be accepted as an input
by the SANDSTORM-RBS predictor. The full model details, trained

generative components, and scripts for retraining can be found in the
code repository.

GARDN reverse complementation layer
A reverse complementation layer was developed to allow GARDN
models to generate sequences adhering to the target structural
grammar defining toehold switches. In this approach the one-hot-
encoded values returned by the final upsampling layer in the 5′portion
of the stem region of the toehold switch were reversed along their
second (nucleotide) and third (sequence position) axes before being
broadcast to the necessary 3′ portion of the stem region and passed
through a final convolutional layer. This method greatly improved the
model’s ability to generate sequences with canonical toehold switch
structures and in the future could be generalized to model arbitrary
target RNA structures while maintaining valuable nucleotide diversity.

GARDN optimization
In a standard activation maximization setup, the input, X , to a differ-
entiable predictive model, Pδ , is repeatedly summed with its own
gradients to maximize the returned value while the parameters of the
predictive model, δ, are held constant. This can be formalized as

X ! X +α∇XPδðX Þ, ð1Þ

where α is a constant that is analogous to the learning rate of a stan-
dard neural network. In the case of sequence design, the inputs are a
one-hot-encoded nucleotide array passed through somedifferentiable
argmax operation (SoftMax, Gumbel SoftMax, Relaxed One-Hot
Encoding) to preserve the discretized inputs expected by the
predictive model while still allowing continuous gradient steps to
take effect. To optimize GARDNoutputs, we adapted themethod from
Killoran et al.45, where instead of directly optimizing the nucleotide
array input to the predictive model, we take the gradient of the
random variable seed, Z , of our generative model with respect to the
predictive output, while freezing the weights of both the predictive
and generative models (δ and θ). This approach allows us to move
through the latent space providing input seeds to the generator until a
region is found that returns sequences with desirable features as
measured by the SANDSTORM predictor.

Z ! Z +α∇ZPδðGθ Zð ÞÞ ð2Þ

Z ! Z�α∇ZPδðGθ Zð ÞÞ ð3Þ

In this setup, the gradient step can either be summed with or
subtracted from the original seed to move towards regions of the
latent space that correspond to the generation of high- or low-
performing sequences. At each gradient update step, the structural
array input corresponding to the generated sequence is calculated and
fed in parallel to the frozen SANDSTORM model; a key step that
requires the memory and compute efficiencies of our novel structural
array. For our study the predictor returned values related to the
experimental function of RNA molecules; however, this predictor
could be generalized to any arbitrary differentiable function.

Computational sequence design experiments
To design UTRs, we generated 300 high-expression UTR sequences
using gradient ascent on latent inputs to the generator and 300 low-
expression sequences by using gradient descent (subtraction) on
latent inputs to the generator. We compared the nucleotide contents
and thermodynamic profiles of these generated constructs to the
highest performing (mean ribosome loading > 8.5) and lowest per-
forming (mean ribosome loading <1.2) UTRs from the experimental
dataset. For toehold switches, the predictive model returns two
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distinct outputs, one for ON andOFF. We chose to design 300 toehold
switches with amaximized predictedON value and compared to those
designed by standard thermodynamic inverse design via NUPACK,
single-sequence activation maximization, and single-sequence activa-
tion maximization with starting seeds that already contained the start
codon and RBS motifs (constrained activation maximization). The
GARDN-optimized sequences were designed using our novel two-
input model, while both activation maximization approaches were
designed by performing gradient ascent of a single sequence (n = 300
total sequences) using the predictive model from Valeri et al.36. The
sequence logos demonstrated throughout this work represent the
average nucleotide frequencies of these groups of sequences. For RBS
sequences, 100 candidates were designed using the GARDN-
SANDSTORM routine using 300 update calls to the predictive
model, with those exhibiting the highest delta between pre- and post-
optimized expression selected for testing.

Toehold switch library design
A library of six toehold switch sequences were selected from several
design approaches to validate the performance improvements
offered through GARDN-SANDSTORM. To replicate the conditions of
the high-throughput dataset used to train the SANDSTORM models,
ON-state sequences were validated in the switch-trigger fusion con-
figuration originally used by Angenet-Mari et al.35. For themost direct
performance comparison to the previously published work, the
SANDSTORM predictor shown in Fig. 3 and the one used for the
computational optimization in Fig. 5 matched the formatting of the
original work, where a single model predicts both the ON and OFF
values of each sequence. In practice however, we found a substantial
increase in performance by training on the predicted ON/OFF ratio
itself as a single output, which we utilized to optimize the experi-
mentally validated sequences. The first group consisted of six
sequences generated randomly from GARDN outputs. Additionally,
100 GARDN sequences were optimized by an ON-only predictive
SANDSTORMmodel (300 optimization calls), with the six sequences
that demonstrated the highest predicted increase in ON state selec-
ted for experimental validation. This approachwas repeated to select
an additional six sequences with a SANDSTORM model that pre-
dicted the ON/OFF ratios. A final set of six sequences was designed
using the inverse-design toolkit offered by NUPACK 4.0.0.28 under
defaultmodel conditions14. For this group, inverse designwas carried
out by individually specifying the switch complex without any
sequence constraints beyond theRBS, start codon, and reporter gene
sequences.

Plasmid construction
All toehold switch sequences were ordered as single-stranded DNA
oligonucleotide ultramers from Integrated DNA Technologies with
common 30-nt homology regions (Supplementary Data 6). PCR reac-
tions were carried out with Q5 High-Fidelity 2× Master mix (New
England Biolabs, M0492S) using universal primers (Supplementary
Data 6) to create double-stranded DNA, and the amplified DNAs were
connected with plasmid backbones using Gibson assembly (NEBuilder
HiFi DNA Assembly Master Mix, E2621S). Plasmid backbones were
amplified from the commercially available pCOLADuet (EMD Milli-
pore) expression vector via PCR followed by digestion with the
restriction enzyme DpnI (New England Biolabs, R0176S). All Gibson
assembly products were transformed directly into E. coli BL21 (DE3)
cells (New England Biolabs, C2527H), and sequence verified by Sanger
sequencing.

GARDN-designed RBS and SANDSTORM-RBS-optimized sequen-
ces were integrated into the pCOLADuet vector by Q5 site-directed
mutagenesis (New England Biolabs, E0554S). Briefly, forward and
reversePCRprimersweredesigned to anneal to the linker regionof the
toehold switch and T7 promoter, respectively3. The forward primer

bound to the linker (AACCTGGCGGCAGCGCAAAAG) and contained
each 17-nt RBS design, followed by a conserved 6-nt spacer (CATAAC)
and start codon (Supplementary Data 6). The universal reverse primer
bound to the T7 promoter and featured a 36-nt spacer overhang.
Following PCR, the amplicons were subject to a KLD reaction (New
England Biolabs, M0554S), transformed into E. coli 5-apha (New Eng-
land Biolabs (C2987H), and sequence verified by Sanger Sequencing.
Plasmids were then transformed into BL21 (DE3) cells (New England
Biolabs, C2527H). The reporter protein utilized in the study is
GFPmut3b with an ASV degradation tag.

Flow cytometry analysis
Bacterial colonies transformed with plasmids containing either the
fused switch-trigger construct (ON state) or with just the unfused
switch (OFF state) were inoculated in 1mL of LB (Sigma, L3522) in
triplicate with 50 µgmL−1 kanamycin antibiotic (Sigma K1377) and
grown overnight at 37 °C shaking at 750 rpm. After 14 h, 5μL of over-
night culture was diluted 100-fold in 495μL of fresh LBwith 25 µgmL−1

kanamycin. Following recovery until OD600 reached approximately
0.2, isopropyl β-D-1-thiogalactopyranoside (IPTG, Sigma I6758) was
added to each well to a final concentration of 0.25mM.

After 3 h of induction with IPTG, flow cytometry was performed
with a Stratedigm S1000 cell analyzer equipped with an A600 Strate-
digm high-throughput auto sampler. Prior to running flow cytometry,
inoculated cultures were diluted twofold into phosphate buffered
saline (Sigma, P4417) in 384-well plates. Approximately 50,000 indi-
vidual cells were recorded per sample, and cell populationswere gated
according to their forward side scatter (FSC) and side scatter (SSC)
distributions3,8. (see Supplementary Fig. 15 for representative gating
data). The E. coli population exhibited a single peak in the two-
dimensional histogram due to unimodal distributions in both FSC and
SCC. To establish the gating area, the maximum histogram value
within this peakwas identified, and coordinates in thehistogramwhere
values were at least 15% of thismaximumwere selected using FlowJoTM

v10.8 Software (BD Life Sciences). Following gating by FSC-A and SSC-
A, the selected population was subject to gating among the FSC-A and
FSC-H parameters to select for single cells. The resulting mean GFP
fluorescence signal generated by these gated populations was used for
subsequent calculations. Fluorescencemeasurements of ON-state and
OFF-state cells were calculated as the mean of three technical repli-
cates, and error levels were calculated from the standard deviation of
measurements from three biological replicates (nine samples total per
construct).

Aptaswitch library design
The library of aptaswitches was created by converting randomly
sampled toehold switches from the Angenet-mari et al.35 dataset into
aptaswitch structures. To ensure the full range of toehold switch
performance was represented in our adapted library, the 20 highest
and 20 lowest performing sequences in the original screen were
selected in addition to 344 random samples. The first seven nucleo-
tides of the sequestering hairpin were considered the b domain; to
construct an aptaswitch the standard Broccoli core aptamer sequence
was concatenated to the 3′ end of the toehold switch followed by a
repeat of the b domain which forms the stabilizing hairpin in the ON
conformation.

In vitro transcription and experimental screening of
aptaswitches
All single-stranded DNA oligonucleotides were purchased from Inte-
grated DNA Technologies. Aptaswitch RNAs were in vitro transcribed
at 37 °C for 4 h using AmpliScribeTM T7-FlashTM Transcription Kits
(Lucigen, ASF3507)with 400 nMof theDNA template. All transcription
products were purified using Zymo Research RNA Clean &
Concentrator-96 (Zymo Research R1080) and quantified using a
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BioTek Take3 Trio Microvolume Plate and a BioTek Cytation 5 Cell
Imaging Multimode Reader.

Prior to measurement, three 1:2 serial dilutions of all aptaswtich
devices were performed in RNase/DNase free water (Thermo Scientific
10977023). 40μM DFHBI-1T (Lucerna, 410) was prepared in a buffer
consisting of 40mMHEPES Buffer pH 7.4 (Fisher Scientific, AAJ67502),
100mM KCL (Sigma, 60142), and 5mM MgCl2 (Sigma, M1028) filter
sterilized with a syringe fixed with a 0.22 μM filter (Celltreat 229743)
and stored in a light-protective 1.7mL tube. Final 35μL reactions were
assembled as follows in a 384well plate (Corning 3540): 2 μMDFHBI-1T
buffer, 1.75μL of aptaswtich device at each concentration, and 15μM
cognate target single stranded DNA. The volume was brought to 35μL
with RNase/DNase free water. A BioTek Synergy Neo2 multimode
microplate reader was used for measurement. Before each measure-
ment, the instrument was warmed to 37 °C and samples were shaken
linearly for30 s to ensurepropermixing.Measurementswere taken for
4 h at excitation 472/15, emission 507/15 from the bottom of the plate
with a gain of 85.

Aptaswitch data preparation
Each aptaswitch was measured individually in the OFF state, where
the cognate trigger was absent but DFHBI-1T was present, and the ON
state, where both the trigger and DFHBI-1T were present. Fluores-
cence values were calculated as the mean intensity measured 3.5 h
after the start of the assay, using a window of 50 discrete sampling
time points to compute. To account for the variation in aptaswitch
RNA concentration following in vitro transcription, which ranged in
magnitude from <100 nm to 1000 nm, we computed a normalized
ON/OFF value for each switch by measuring independently the ON
and OFF values at three different concentrations, and extrapolating a
normalized value for each state from the linear fit of these curves.
The three concentration values utilized for fluorescence quantifica-
tion were (1) the non-diluted IVT product, (2) a 2× dilution of the IVT
product and (3) a 4× dilution of the IVT product. In the ON state,
fluorescence increased linearly with concentration (Supplementary
Fig. 16), while in the OFF state, a subset of switches showed near
background fluorescence levels across concentration values. For
those switches which demonstrated a linear increase in fluorescence
as concentration increased in the OFF state, the same linear fitting
approach was applied to identify a normalized OFF value. For those
which demonstrated near-background levels across concentrations,
themean OFF value across the threemeasurements was utilized. This
approach creates a subset of aptaswitches that will show a linear
increase in ON/OFF values with increasing concentration due to the
constant OFF state; to mitigate the possibility of inflationary effects
of this normalization we utilized a value of 500 nM to calculate
normalized concentrations. The log-transformed ON/OFF value was
calculated and passed through sklearn standard scaling before being
supplied to the model for training.

Thermodynamic parameter calculations
All results demonstrating the thermodynamic properties of sequences
were calculated using NUPACK 4.0.0 in python under default model
settings. We computed a sliding window minimum free energy calcu-
lation (Supplementary Fig. 7) by slicing out varying sizes of the
sequences to plot traces of localized secondary structures and GC
content. Distributions of ensemble defect are calculated across the
entire sequence.

Structural agreement
In the case of toehold switches, a more specific quantification of
secondary structure was needed to analyze the performance of the
GARDN models than in the case of UTRs or RBSs. To do so we
employed the ‘structural agreement’ metric that reflects how well a
dataset of generated sequences adheres to a specific secondary

structure. This value is obtained by computing the predicted MFE
secondary structure of every sequence in a particular dataset in dot-
bracket notation. In this notation, each position in a sequence can
take the value of ‘.’ to represent an unpaired nucleotide, ‘(‘ to
represent a nucleotide bound to a downstream nucleotide, and ‘)’ to
represent a nucleotide bound to an upstream nucleotide. The fre-
quencies of each of symbol at each position can be averaged across a
dataset to form a consensus structural array representing the prob-
ability of finding each symbol at each position (Supplementary
Fig. 17). The argmax can be computed along this array of structural
probabilities to return the positional consensus secondary structure.
For canonical toehold switches, the target secondary structure in
dot-bracket notation is ‘…………(((((((((…((((((………..))))))…)))))))))’.
We compute the structural agreement for a dataset of sequences by
the following:

1
N

XN

i= 1
pðiÞ,

where N is the length of the target secondary structure and pðiÞ is the
probability of the base at position i adopting the dot-bracket symbol
that matches that of the target secondary structure. The values for pðiÞ
are calculated from the consensus structural array.Without averaging,
pðiÞ can be plotted as a trace to provide single-nucleotide resolution of
where a particular dataset diverges from the target structure
(Supplementary Fig. 11).

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

Data availability
Source data are provided with this paper. The computational data-
sets used for predictive model comparisons can be found at the
original source references (summarized in Supplementary Data 1).
Summarized experimental measurements from all model designs
including sequence information can be found in Supplementary
Data 2–5. Source data are provided with this paper.

Code availability
The code used to develop the model, perform the analyses and gen-
erate results in this study is publicly available and has been deposited
in at https://github.com/AlexGreenLab/GARDN-SANDSTORM under
an academic license68.
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