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Abstract 
The rational design of RNA is becoming important for rapidly developing technologies in 

medicine and biochemistry, spurring development of numerous RNA secondary structure design 
algorithms and benchmarks to evaluate their performance. However, the problem of RNA design 
is dependent upon the reverse problem of RNA structure prediction through “folding engines” 
that predict structure from sequence. We hypothesized that differences in RNA folding engines 
could impact design algorithms, and recruited an online community of RNA design experts to 
modify the widely-used RNA secondary structure design benchmark, Eterna100, to address 
unsolvability of some cases when changing the folding engine used (Vienna 1.8 updated to 
Vienna 2.6). We tested this new Eterna100-V2 benchmark with five RNA design algorithms, and 
found that while overall rankings remained similar, the performance of RNA design algorithms 
that depended on folding engines in their training did indeed depend on which underlying 
parameter set was used in training. This work demonstrates that the design “difficulty” of RNA 
structures is intrinsically linked to thermodynamic models, and suggests that future RNA design 
algorithms that are agnostic to thermodynamic models will result in optimal performance and 
development. Eterna100-V1 and Eterna100-V2 benchmarks and example solutions are freely 
available at https://github.com/eternagame/eterna100-benchmarking. 

Keywords: RNA design, secondary structure, benchmark, inverse folding, citizen science 
 

Author Summary 
Designing RNA molecules that fold to a desired target structure is an algorithmic 

problem gathering increasing attention due to the emergence of RNA-based therapies and the 
need for rational design of RNAs. The Eterna100 dataset, a collection of target structures with 
increasing design difficulty, designed and selected by players of the crowdsourced RNA game 
Eterna, has been widely used to benchmark RNA design algorithms. However, these puzzles 
were originally developed using the now-deprecated version 1 of the ViennaRNA folding engine. 
In this manuscript, we introduce an updated benchmark, called the Eterna100-V2. We found that 
nineteen puzzles using Vienna 1 were unsolvable in Vienna 2, but that Eterna participants were 
able to re-design the puzzles with minimal modifications to make them solvable in Vienna 2. We 
confirmed that the rankings of 5 RNA design algorithms remained consistent between 
Eterna100-V1 and -V2. However, discrepancies in performance from algorithms that relied on 
thermodynamic models in their training suggest that algorithms will benefit from being agnostic 
to thermodynamic models as these models continue to improve.  
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Introduction 
RNA has significantly expanded past its original proposed role as an intermediate in the 

genetic code and as a catalytic scaffold for protein synthesis. RNA has been observed to act as a 
genetic expression regulator [1], perform catalysis [2], be a scaffold for complex formation [3,4], 
and be used as a guide by several ribonucleoprotein complexes [5–7]. This increased 
appreciation for the versatile activity of RNA has led to the recent development of several RNA 
therapies that include the control of pre-mRNA splicing [8], gene editing and expression [6], and 
aptamers for binding and sequestering target molecules [9]. It is increasingly understood that 
RNAs obtain some of their function via structures largely determined by Watson-Crick 
base-pairing. Structured synthetic RNAs underlie methods to regulate gene expression in bacteria 
[10] and in eukaryotes [11], sense analytes [12], enhance gene editing systems via synthetic 
CRISPR guide RNAs [13], and design RNA therapeutics with increased stability [14].  

The RNA secondary structure design problem, also known as the inverse folding 
problem, involves designing an RNA sequence that folds into a target secondary structure given 
an energy function [15]. Classic RNA inverse folding algorithms used cost function 
minimization through adaptive random walk [16], structure decomposition [17], minimization of 
the ensemble defect [18], or a genetic algorithm [19]. Performance of these older algorithms was 
not well characterized, as benchmarking occurred internally and was performed on 
well-characterized biological RNA or computationally predicted secondary structures from RNA 
sequences without selection for complexity or difficulty [17,20,21]. Furthermore, as RNA length 
and complexity increases, the number of asymmetric and symmetric elements increases, thereby 
increasing the difficulty of sequence design for these molecules [22]. 

To address the need for a community-wide standard benchmark for RNA design, 
Anderson-Lee et al. developed a set of 100 secondary structures published on the Eterna website 
using RNAfold 1.8.5 [17] from the ViennaRNA package (henceforth referred to as “Vienna 1”). 
This Eterna100 benchmark (henceforth referred to as Eterna100-V1) was chosen to showcase 
secondary structure motifs that were identified as being difficult to design, and the 
best-performing algorithm at the time [19] solved 54/100. Since the benchmark was published, 
several algorithms have surpassed this mark using convolutional neural networks [23], 
reinforcement learning [24,25], or a Monte Carlo search optimized for game theory [26]. 
However, algorithms have been inconsistent in which secondary structure prediction algorithm, 
or “folding engine”, they use. For example, EternaBrain [23] used Vienna 1.8.5, but 
Meta-LEARNA [25] used updated thermodynamic parameters in RNAfold 2.1.9. 

Despite the fundamental link between which folding engine is used to train and which 
folding engine is used to evaluate design algorithms, there has been no systematic evaluation of 
the effect of folding engines in the training and performance of design algorithms. We challenged 
Eterna participants to determine if all the puzzles in the original Eterna100 could still be solved 
using an updated set of ViennaRNA parameters (the parameters from RNAfold 2.1.9, henceforth 
referred to as “Vienna 2”). Indeed, participants identified 19 of the 100 structures that were 
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deemed to be unsolvable in Vienna 2. We then challenged the community to adapt these 
secondary structures to the Vienna 2 parameter set using a minimal number of insertions and 
deletions, resulting in the Eterna100-V2 benchmark. We discuss key structural motifs that are 
intractable in one set of thermodynamic parameters but solvable in the other. We evaluated 
several state-of-the-art inverse folding algorithms and determined that while their relative 
performance is unchanged, neural-network-based methods would benefit from re-training with 
Vienna 2 parameters. Taken together, this work indicates that consideration of which folding 
engine is used in operating inverse folding algorithms is critical in their evaluation, even in 
determining the scope of what structures are fundamentally solvable. 

Results 
Thermodynamic differences in motifs result in puzzle unsolvability 

Eterna participants identified 19 secondary structures of the original 100 that were 
‘unsolvable’ in Vienna 2. We verified that the stochastic algorithm NEMO [26], which is 
currently state-of-the-art in the Eterna100 with the original Vienna 1 folding engine, was also 
unable to find solutions within 24-hour timeframes for these 19 problems with the Vienna 2 
folding engine. 

These 19 puzzles varied in both length and relative complexity, but shared several 
structural features that gave rise to this discrepancy (Fig. 1a). The change in the relative free 
energies of internal and stem loops between Vienna 1 and Vienna 2 led to several structures with 
isolated base pairs no longer being solvable in the Vienna 2 parameters. Multi-helix junctions 
were also found to have lower free energies in Vienna 2 than Vienna 1, which significantly 
altered puzzles that feature these such as “Kyurem 5” and “Multilooping 6” (Fig. 1b).  

Large internal loops increased in free energy in Vienna 2 as compared to Vienna 1, which 
made puzzles containing these such as “[RNA] Repetitious Sequences 8/10” unsolvable. For 
example, EternaBrain’s solution to [RNA] Repetitious Sequences 8/10’s Eterna100-V1 structure 
creates two large internal loops both with free energies of -1.1 kcal/mol. However, if the same 
structure and solution are used in Vienna 2, the free energies of both internal loops increases to 
2.1 kcal/mol (Fig. 1a, top panels).  

 These results motivated us to develop a new set of puzzles for these 19 problems that 
would comprise a new Eterna100-V2 benchmark to be used with the Vienna 2 folding engine, 
which has largely displaced the Vienna 1 folding engine for wide use. We solicited these new 
problems from Eterna participants with a news post (Supp. Fig. S1) and provided the Vienna 2 
folding engine in the Eterna “puzzlemaker” interface (Fig. 1c). These puzzles and example 
solutions are compiled in Supplemental Table S1 as well as  
https://github.com/eternagame/eterna100-benchmarking.​  
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Figure 1. (a) Example free energy differences (ΔΔG, kcal/mol) between identical structures in 
Vienna 1.8 and Vienna 2.4. (b) Puzzle-specific differences in free energies of structures. The 
internal tri-junction in Kyurem 5 has a more stable free energy in Vienna 2. Similar repeated 
tri-junctions are highlighted in Multilooping 6, with similar changes in free energy from Vienna 
1 to 2. (c) A screenshot of Eterna’s “Puzzlemaker” interface. Players can see the free energy and 
folding engine in the top left corner (yellow rectangles). Players can add bases, add base pairs, 
and interact with the dot-bracket representation of the structure directly (green rectangles). 
 

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 1, 2025. ; https://doi.org/10.1101/2021.08.26.457839doi: bioRxiv preprint 

https://doi.org/10.1101/2021.08.26.457839
http://creativecommons.org/licenses/by/4.0/


 
Figure 2. Eterna participant target structure re-designs result in fewer number of structure 
modifications than a naive re-design approach, quantified by string edit distance in RNAdistance 
(18).  
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Figure 3. Base pair changes in “Shooting Star” from Vienna 1 to Vienna 2. The green 
nucleotides indicate the bases that were added to make the structure stable in Vienna 2, and the 
red indicate deletions. 
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Eterna participants redesign target structures with minimal alterations  

Given that the original Eterna100-V1 benchmark was designed by players, we 
hypothesized that players might be able to design modified structures for these puzzles using a 
minimum number of structure modifications, while maintaining the constraints of the Eterna 
software platform. Strategies included adding or removing base pairs to maintain the overall 
puzzle topology, reducing the size of large loops to mitigate Vienna 2’s increased penalty on 
large loops. We compared Eterna participant-designed solutions to a “simple” redesign method: 
taking a set of known player puzzle solutions in Vienna 1 and calculating their minimum free 
energy structures in Vienna 2. However, these structures did not exhibit similar shapes or 
similarly difficult features as the original structures posed in the Eterna100 benchmark, 
quantified by string edit distance [16] (Fig. 2). In all 19 puzzles, this calculated difference 
compared to the V1 structures was much larger than the difference in the secondary structures 
that players created in parallel. Strikingly, some of the most structurally complex puzzles 
required minimal alterations.“Shooting Star” consists of several multi-helix junctions and long 
helices that contain 29 isolated base pairs and was made solvable through only 3 base pair 
additions  (Fig. 3, top).  “Teslagon” consists of a series of loops around a core 7-way junction 
and was made solvable through the deletion of a single internal loop base (Fig. 3, middle). 
However, some puzzles like “Gladius” require more extensive changes, including breaking 
structural symmetry, to become solvable in Vienna 2 (Fig. 3, bottom). 
 
Redesigned target structures are largely still solvable using Vienna 1 
All structures which were modified in the Eterna100-V2 for solvability in Vienna 2 were tested 
for solvability under Vienna 1 through puzzles on Eterna. We found that all except for puzzle 97, 
“Hoglafractal”, were solvable in both folding engines. This remaining puzzle appears to be 
unsolvable due to a single base pair at the beginning of the puzzle which is incompatible with 
Vienna 1 energetic parameters for internal loops and dangling ends. The observation that 99/100 
Eterna100-V2 puzzles are solvable in both folding engines, compared to 81/100 for the original 
Eterna100-V1, suggested that the newer benchmark is somewhat easier than the original one, 
presumably due to its origin as a fix for puzzles that were first proposed by Eterna players to 
display and teach idiosyncrasies of the original Vienna 1 folding engine. 
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 Vienna 1 folding engine Vienna 2 folding engine 

Method Eterna100-V1 Eterna100-V2 Eterna100-V1 Eterna100-V2 

RNAinverse 18 19 20 20 

EternaBrain 60 65 49 49 

LEARNA 67 72 66 69 

SentRNA 69 72 63 68 

NEMO 92 93 77 86 

Eterna (humans) 100 81 99 100 

 
Table 1. Number of solutions of the Eterna100-V1 and Eterna100-V2 benchmarks by five 
automated algorithms and human players of Eterna. 
 
 
RNA design algorithm rankings are consistent in Eterna100-V2, but performance changes 
reflect modeling priors 

After players modified the secondary structures for the 19 Eterna100 puzzles, we 
assessed the performance of 5 RNA inverse folding algorithms on this updated benchmark (Fig 
5): two algorithms relying on Monte Carlo methods, RNAinverse and NEMO; and three 
algorithms that also included deep neural networks to guide search, EternaBrain, SentRNA, and 
LEARNA (Fig. 1 and Table 1; more detailed results in Supplemental Tables S2 and S3).  

To evaluate the difficulty of the new Eterna100-V2 benchmark, we tested them with the 
Vienna 1 folding engine, which was also the engine used during development of most of the 
algorithms. For all of the algorithms, performance on Eterna100-V2 improved compared to 
Eterna100-V1 when retaining the Vienna 1 folding engine (Fig. 4 and Table 1; RNAInverse, 18 
to 19; EternaBrain, 60 to 65; Learna, 67 to 72; SentRNA, 69 to 72; and NEMO, 92 to 93). These 
observations support the results above suggesting that the new Eterna100-V2 benchmark is 
somewhat easier than the original Eterna100-V1 benchmark. Inspection of particularly difficult 
puzzles further supports this picture. For example, the 19 structures from Eterna100-V1 that 
were deemed unsolvable in Vienna 2 were of particular interest (boldface in Figure 5) as they 
were some of the hardest secondary structures: in the original Eterna100-V1 benchmark tested in 
the Vienna 1 folding engine, EternaBrain and SentRNA solved 3 (16%) and 6 (32%) out of the 
19, respectively, lower than their average across all Eterna100-V1 puzzles (60% and 69%, 
respectively). All design methods demonstrated performance improvement in going from the 19 
puzzles in Eterna100-V1 to Eterna100-V2 (RNAinverse, 0 to 1; EternaBrain and LEARNA, both 
3 to 8; SentRNA, 6 to 9; and NEMO, 14 to 15; Fig. 4 and Supplemental Tables S2 and S3). 
Again this was expected given the increased solution space afforded by the redesigned structures 
for these 19 puzzles in Eterna100-V2 compared to Eterna100-V1 (for example, through smaller 
internal loops creating more favorable energetic conditions; Fig. 1a-b and Fig. 3). 
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The intended use case for the Eterna100-V2 is to benchmark RNA design algorithms 
with the more recent Vienna 2 folding engine. Unexpectedly, when comparing algorithm 
performance on the Eterna100-V1 when run with Vienna 1 versus performance on the 
Eterna100-V2 when run with Vienna 2 as the internal folding engine, performance of algorithms 
generally got worse, with some exceptions (Fig. 4 and Table 1). RNAinverse solved 18 puzzles 
under Eterna100-V1/Vienna 1, which increased to 20 under the Eterna100-V2/Vienna 2; but 
EternaBrain’s performance decreased dramatically, from 60 to 49 solved puzzles. LEARNA’s 
performance increased slightly from 67 to 69, SentRNA decreased slightly from 69 to 68, and 
NEMO decreased from 92 to 86. Despite these changes, the rankings of the algorithms were 
nearly the same in Eterna100-V2/Vienna 2 compared to Eterna100-V1/Vienna 1 – only 
LEARNA and SentRNA switch places, but they were effectively tied in both benchmarks, with 
the number of solved puzzles by the two algorithms within 2. The three algorithms whose 
success rates dropped (EternaBrain, LEARNA, NEMO) included heuristics and/or neural 
network training examples that were derived from Eterna players’ efforts with the deprecated 
Vienna 1 folding engine, suggesting that those sequence design methods are overly dependent on 
details of folding engine. The LEARNA reinforcement learning design method, which instead 
used the Vienna 2 folding engine during its training, showed slightly improved performance in 
Eterna100-V2 (Fig. 4 and Table 1).  

The results above suggested that, while the Eterna100-V2 benchmark is easier (since all 
methods solved more puzzles than with Eterna100-V1 when retaining the Vienna 1 folding 
engine, or even while maintaining the Vienna 2 folding engine; Table 1), the switch from the 
Vienna 1 foldine engine to the Vienna 2 folding engine makes all puzzles more challenging for 
the methods developed with Vienna 1. As a result, depending on the puzzle and the algorithm, 
performance worsened, was sustained, or improved in going from the original 
Eterna100-V1/Vienna 1 benchmark to the new Eterna100-V2/Vienna 2 benchmark.  To further 
test this picture, we retrained EternaBrain and SentRNA with both the Vienna 1 and Vienna 2 
folding engines (for LEARNA, we could not reproduce the performance level of the published 
pre-trained design model). As a confirmation of the validity of our retraining protocol, we 
reproduced and improved upon the performance of the published versions of EternaBrain and 
SentRNA, respectively, on both Eterna100-V1 and Eterna100-V2 benchmarks when Vienna 1 
was used during the retraining, when compared with the original studies reporting these methods 
(Supplemental Table S2). Using Vienna 2 during re-training, however, changed the number of 
solved puzzles by 1 or less for both EternaBrain and SentRNA. Both algorithms remained poorer 
with the Vienna 2 folding engine than with Vienna 1 folding engine even after retraining their 
neual network components with the respective folding engine. This result, along with the large 
drop in NEMO performance noted above, suggests that the dependence these algorithms’ 
performance on folding engine depends not so much on the neural network components of the 
models but instead on other aspects that were biased by use of the Vienna 1 folding engine. Such 
aspects include heuristic rules for initialization and design refinement developed during Eterna 
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gameplay and/or the Eterna players’ moves and solutions used for training, which both occurred 
in the context of the Vienna 1 folding engine. 

   

 
Figure 4. Performance of five algorithms for RNA secondary structure design on the 
Eterna100-V1 and Eterna100-V2 benchmarks, using either Vienna 1 or Vienna 2 as the folding 
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engine at runtime. Green: Solved; Orange: Unsolved. Bolded names indicate puzzles changed 
between Eterna100-V1 and Eterna100-V2 benchmarks. 
 

 
Figure 5. Selected Eterna100-V1 and -V2 puzzles that demonstrate differences in algorithms’ 
puzzle-solving ability. Open squares indicate that a given algorithm was unable to solve that 
puzzle; filled squares indicate that the algorithm did solve the puzzle. The first row of squares 
indicates algorithms’ performance on Eterna100-V1 using Vienna 1, and the second row 
indicates the performance on Eterna100-V2 using Vienna 2. Red: RNAinverse; Orange: 
EternaBrain; Teal: LEARNA; Blue: SentRNA; Purple: NEMO. 

Discussion 
In this work, we have reported that 19 of the 100 structures in the widely used Eterna100 

benchmark for evaluating RNA inverse design were unsolvable when the thermodynamic 
parameters of Vienna 1 were substituted with those of Vienna 2. This presents a problem for 
evaluating inverse folding algorithms, since their performance is intrinsically limited by the 
thermodynamic model chosen to develop and test each algorithm. To amend this problem, we 
asked Eterna participants to redesign the 19 puzzles. Participants found strategies to do so that 
they proposed would largely preserve the original challenges of the puzzles. Unexpectedly, the 
19 new puzzles appear to be solvable in both the new Vienna 2 folding engine and the original 
Vienna 1 folding engine. Indeed, the final new benchmark, termed Eterna100-V2, has 100 of 100 

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 1, 2025. ; https://doi.org/10.1101/2021.08.26.457839doi: bioRxiv preprint 

https://doi.org/10.1101/2021.08.26.457839
http://creativecommons.org/licenses/by/4.0/


puzzles solvable in Vienna 2 but also 99 of 100 puzzles solvable in Vienna 1, suggesting that it is 
easier than the original Eterna100-V1 benchmark. 

We next evaluated state-of-the-art algorithms on this updated Eterna100-V2 benchmark. 
We found that changes in performance appear to reflect model priors. For example, EternaBrain, 
which was developed with player solutions and heuristic strategies generated under Vienna 1, 
exhibited notably worse performance with the Vienna 2 folding engine. Additional tests were 
performed to retrain neural network components of the design methods using folding engines 
“matching” the respective benchmark but identified minimal impact on original model quality. 
Instead, other components of the EternaBrain and NEMO models besides their neural networks, 
such as heuristic design rules based on Vienna 1 gameplay, appear to reduce their ability to 
generalize to the Vienna 2 folding engine. 

Given the number of secondary structures that were unsolvable in the original Eterna100 
benchmark with the Vienna 2 parameters, it seems likely this benchmark will need to be 
continuously updated as RNA structure prediction becomes more accurate. Folding engines like 
CONTRAfold [27] and EternaFold [28] demonstrate improved performance over Vienna folding 
engines in predicting experimental thermodynamic ensembles, but generally predict less stable 
structures than the Vienna folding engines for the same sequences. Furthermore, metrics beyond 
minimum free energy structure are potentially better suited [29] for predicting in vitro and in vivo 
structural viability, in addition to other desired characteristics which are not reflected by the 
dominant folded structure alone, such as stability and protein expression [30]. The recent report 
of a replica Monte Carlo algorithm desiRNA solving all the Eterna100-V1 also suggests that a 
more difficult benchmark is now needed to drive progress in RNA design [31]. Taken together, 
this work indicates that future RNA inverse folding algorithms should strive to be folding-engine 
independent, or at least rapidly retrainable with new folding engines and ‘win conditions’. We 
hope that open availability of Eterna100-V1 and Eterna100-V2 will enable the testing of such 
algorithms. 

Methods 
Design challenges on Eterna platform 

Through iterative manual design, we identified 19 secondary structures in the original 
Eterna100 (Eterna100-V1) benchmark that we hypothesized were not solvable using Vienna 
1.8.5. We asked the Eterna community to redesign these 19 puzzles to be compliant with the 
thermodynamic parameters of the ViennaRNA 2.1.9 software package as implemented in Eterna. 
Players achieved this through the Eterna “Puzzlemaker” interface, whereby individual base pairs 
and bases may be deleted or added to a structure. Players submitted 52 total puzzles as 
modifications of the unsolvable 19. Nineteen of those submissions were chosen by the authors to 
both maintain the constraints of the Eterna platform and the identity of unique structural 
elements that existed in the original puzzles. 
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During this process we also discovered that for one of the puzzles (puzzle 5, The 
Gammaretrovirus Signal - Difficulty Level 0) in the Eterna100-V1, the structure did not match 
that of the Eterna puzzle it was derived from (and so neither did the sample solutions solve the 
structure). This was due to an error which caused a single nucleotide to be omitted - we have 
treated the Eterna100-V1 structure as correct and provided an updated Eterna puzzle ID and 
sample sequence for Vienna 1 in Supplemental Table S2. 
 
Automated tests of RNA secondary structure design algorithms 

We evaluated the performance of five algorithms (EternaBrain, SentRNA, RNAinverse, 
LEARNA, and NEMO) on the Eterna100-V1 and on the Eterna100-V2 with the 19 modified 
puzzles, using ViennaRNA 1.8.5 as well as the more recent ViennaRNA 2.6.4 as the folding 
engine. For each puzzle, algorithm, and Vienna version combination (with the exclusion of the 
19 unsolvable Eterna100-V1 puzzles and one unsolvable Eterna100-V2 puzzle under Vienna1), 
algorithms were run for a maximum of 24 hours with a single AMD 7502 core on the Stanford 
University Sherlock cluster.  (We note that use of the ViennaRNA 2 package with Turner99 
parameters, as carried out recently [31], can be used to emulate ViennaRNA 1 but should use the 
setting “--dangles=2” to fully reproduce the behavior of the Vienna 1 folding engine. 
Additionally, where multiple structures have the same free energy for a given sequence, Vienna 2 
run in this way may select a different structure as the MFE structure than Vienna 1, resulting in a 
sequence purported to solve a puzzle correctly evaluated as having failed to solve the puzzle) 

EternaBrain uses a combination of a convolutional neural network trained on Eterna 
player moves and a Single Action Playout (SAP) [23], a depth-1 Monte Carlo Search using 
Eterna player strategies. In addition to the pretrained CNN trained with features generated by 
Vienna 1, the CNN was retrained using features generated by Vienna 1 and Vienna 2. Variants 
were tested using combinations of the Vienna 1 or Vienna 2 trained CNN, using Vienna 1 or 
Vienna 2 during inference to generate features passed to the CNN, and using either Vienna 1 or 
Vienna 2 during the SAP step. Variants where the folding engine in the SAP step was different 
from the engine used to generate features for the CNN inference step (termed “flipped”, eg 
vienna1-flipsap run in “vienna1” mode uses the CNN trained using Vienna 1 features, with 
Vienna 1 for the CNN inference features, and Vienna 2 for the SAP) were tested as the player 
moves used to train the CNN were all using Vienna 1 originally, and insufficient data exist to 
train a neural network with Vienna 2 player moves. The “extended” 92-puzzle dataset from the 
latest version of the EternaBrain repository was used, rather than the published 78-puzzle 
dataset. Training was run until completion. 

SentRNA, unlike EternaBrain, does not rely on player moves to train its deep neural 
networks; instead, the authors define their own set of features in the Methods section of the paper 
(though it does rely on player solutions generated under Vienna 1) [24]. In addition to using the 
pretrained models (selecting the 20 models trained using 20 structural features), under both 
Vienna 1.8.5 and 2.6.4, we re-trained an ensemble of 20 networks (each using 20 structural 
features) with 300 “solution trajectories” [24]. Training was run until completion. For LEARNA, 
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in addition to the pretrained model, we attempted to similarly retrain the reinforcement learning 
models using Vienna 1.8.5 and 2.6.4, keeping the original hyperparameter and architecture 
values (i.e., without performing a new joint architecture and hyperparameter search). Training 
was run for one hour on 20 CPUs on the Stanford University Sherlock cluster, but did not lead to 
performance competitive with the pre-trained LEARNA models made available with the 
publication. 

RNAinverse and NEMO, which are both stochastic methods, were able to be run without 
modification using either Vienna 1 or Vienna 2 as the internal folding engine. RNAinverse was 
benchmarked using standard settings, allowing either Vienna 1.8 or Vienna 2.6.4 to be used as 
the folding algorithm. NEMO was run with a maximum of 2500 Monte Carlo iterations. To more 
stringently test the unsolvability of the 19 “unsolvable” puzzles, i.e. the 19 original puzzles run 
in Vienna 2, NEMO was given 10 independent 24-hour periods to attempt to solve using 16 
(unspecified) cores with a maximum of 104 Monte Carlo iterations. No solutions were found. 
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Legends 
 
Figure 1. (A) Free energy differences (ΔΔG, kcal/mol) between identical structures in Vienna 
1.8 and Vienna 2.4. Topmost: an internal triloop; middle: U-G-U-G superboost with G-C end 
pairs; bottom: tetraloop hairpin with G-boost and G-C end pairs. (B) Puzzle-specific differences 
in free energies of structures. The internal tri-junction in Kyurem 5 has a more stable free energy 
in Vienna 2. Similar repeated tri-junctions are highlighted in Multilooping 6, with similar 
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changes in free energy from Vienna 1 to 2.​
 
Figure 2. Number of nucleotide modifications for each of the 19 puzzles that were changed to be 
made solvable in Vienna 2. Blue denotes RNAdistance calculated distance metric between the 
simple design algorithm involving calculating structure differences between Vienna 1 and Vienna 
2. Orange denotes differences in player designs between Vienna 1 and Vienna 2. 
​
Figure 3. Base pair changes in Shooting Star from Vienna 1 to Vienna 2. The neon yellow 
nucleotides indicate the bases that were added to make the structure stable in Vienna 2. 
​
Figure 4. Performance of five algorithms for RNA secondary structure design on the 
Eterna100-V1 and Eterna100-V2 benchmarks, using either Vienna 1 or Vienna 2 as the folding 
engine at runtime. Green: Solved; Orange: Unsolved. Bolded names indicate puzzles changed 
between Eterna100-V1 and Eterna100-V2 benchmarks. 
Figure 5. Selected Eterna100-V1 and -V2 puzzles that demonstrate differences in algorithms’ 
puzzle-solving ability. Open squares indicate that a given algorithm was unable to solve that 
puzzle; filled squares indicate that the algorithm did solve the puzzle. The first row of squares 
indicates algorithms’ performance on Eterna100-V1 using Vienna 1, and the second row 
indicates the performance on Eterna100-V2 using Vienna 2. Red: RNAinverse; Orange: 
EternaBrain; Teal: LEARNA; Blue: SentRNA; Purple: NEMO. 
 
Supplemental Figure S1. Eterna announcement asking players to attempt to solve the nineteen 
modified puzzles in Vienna 1 and Vienna 2. 
 
Table 1. Number of solutions of the Eterna100-V1 and Eterna100-V2 benchmarks by five 
automated algorithms and human players of Eterna.  
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