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Abstract

RNA inverse folding, the task of designing a
sequence that folds into a target structure, is a
core computational task in RNA synthetic biol-
ogy. However, current methods rely on best-of-/NV
screening to compensate for low per-sample reli-
ability and left-to-right autoregressive sequence
generation, which locks in upstream nucleotides
before downstream pairing partners are observed
and cannot natively support in-painting tasks.
Here, we introduce an order-agnostic decoder for
2D secondary-structure inverse design, trained
under a uniform-permutation distribution over de-
coding orders. On the OpenKnot Round 7b 240-
mer pseudoknot benchmark, our method produces
five times as many perfect-structure designs per
sample as the strongest autoregressive baseline,
while being more sample-efficient, and recovers
diversity through order randomization rather than
token sampling. To showcase in-painting capa-
bility, we perform both motif preservation and
motif redesign, with the latter strictly impossible
under autoregressive decoding. Together, these
capabilities could enable functional aptamer and
riboswitch design, and reframe sample-efficient
generation as a principled alternative to the domi-
nant best-of-/V regime in RNA inverse folding.

1. Introduction

RNA secondary structure determines function across ri-
bozymes, viral elements, riboswitches, and aptamers. De-
signing a sequence that folds into a target structure is a
central computational problem in synthetic biology, for ex-
ample redesigning the regulatory scaffold around an aptamer
ligand-binding pocket, or engineering a riboswitch around a
fixed regulatory motif.

The dominant evaluation paradigm for data-driven RNA in-
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verse folding is best-of- N screening. State-of-the-art pseu-
doknot results (He & Sun, 2026) were obtained by drawing
K =98 000 samples per target on 256 A100 GPUs and post-
hoc filtering the top candidates. In this protocol each indi-
vidual sample from an autoregressive (AR) RNA decoder
has low probability of reproducing the target structure, so
brute-force sampling is required to find any. The same
workaround scales poorly to longer or more constrained
design problems, because per-sample success rates drop
multiplicatively under additional constraints.

We argue that sample efficiency, not sample volume, is the
right axis. Concretely, we replace the L—+R AR decoder
of Struct2SeQ (He & Sun, 2026) with an order-agnostic
decoder trained under a uniform-permutation distribution
over decoding orders, and at inference draw a fresh permuta-
tion per sample. The same trained checkpoint then supports
three distinct sequence-design tasks without retraining or
architectural changes: (i) random-permutation generation
of full sequences; (i) motif preservation, where we fix a
structural motif to wild-type and redesign the surrounding
scaffold (Watson et al., 2023; Dauparas et al., 2022); (iii)
motif redesign, where we fix the scaffold and redesign only
the motif itself, the natural setup for aptamer / riboswitch
engineering (Wachsmuth et al., 2013; Penchovsky, 2014).
Modes (ii) and (iii) are inaccessible under L—R decoding
alone.

Contributions. Based on these ideas, our main contribu-
tions are:

* We adapt order-agnostic decoding to RNA inverse fold-
ing conditioned on secondary structure backbone, un-
locking native motif in-painting, as described above.

* Our method (1) produces 5x as many perfect-structure
designs per sample as the strongest published AR base-
line at matched compute on the OpenKnot Round 7b
240-mer pseudoknot benchmark; (2) generates diverse
designs from argmax-only inference via random order
decoding, without the token-level sampling strategies
used in best-of-/N protocols; and (3) supports motif
preservation and motif redesign as native inference-
time operations from a single checkpoint, the latter
strictly impossible under AR decoding.

* We provide a mechanistic explanation for the asym-
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metric utility of post-hoc rescue (a standard step in
best-of-N pipelines where near-miss designs are re-
paired by enumerating local nucleotide mutations): res-
cue helps AR decoders, whose failures are locally re-
pairable over-pair errors, but not random-permutation
decoders, whose failures are context-dependent under-
pair errors that local repair cannot create.

2. Related work

Protein inverse design tools such as ProteinMPNN (Dau-
paras et al., 2022) and ESM-IF (Hsu et al., 2022) exploit
a 20-letter vocabulary and abundant 3D structures; RNA’s
4-letter alphabet creates a more degenerate sequence-to-
structure mapping with a flatter thermodynamic landscape,
so these recipes do not transfer cleanly. High-quality 3D
structures are also scarce (Townshend et al., 2021), which
limits both 3D structure prediction (Shen et al., 2024) and
the 3D inverse-design tools (Joshi et al., 2024; Kubaney
et al., 2025) that rely on folding-back evaluation against the
target.

For 2D RNA inverse folding, chemical-mapping experi-
ments (Lee et al., 2014) and learned predictors such as
RibonanzaNet (He et al., 2024) make structural rewards
cheap and reliable. While classical physics-based ap-
proaches (Lorenz et al., 2011) struggle with pseudoknots,
and Monte-Carlo-based approaches (Yang et al., 2017) are
slow, reinforcement-learning approaches (LEARNA / Meta-
LEARNA (Runge et al., 2019), RNA-DCGen (Hossain et al.,
2024)) and the recent Struct2SeQ (He & Sun, 2026) have
closed much of this gap. Struct2SeQ in particular handles
pseudoknotted topologies and matches human Eterna play-
ers on OpenKnot Round 7, but it is fundamentally a left-
to-right AR model, which limits per-sample reliability and
rules out partial-sequence conditioning (in-painting). Our
work removes this limitation while keeping Struct2SeQ’s
deep-Q-learning training signal.

3. Method

Setup. We adopt the encoder-decoder formulation,
RibonanzaNet-SS-derived dense per-position reward, twice-
shifted deep-Q-learning training with experience replay, and
Hungarian-matched Jaccard scoring of Struct2SeQ (He &
Sun, 2026; He et al., 2024; Mnih et al., 2015); we refer the
reader there for full details.

Architecture and training. The encoder follows He &
Sun (2026) unchanged. We replace its LSTM-PE plus
causal-conv decoder with a pure Transformer decoder us-
ing a learned relative-position bias on the self- and cross-
attention scores, keyed on the decoding-order permutation o.
This decouples position from recurrence, letting any o share

Algorithm 1 Random-permutation argmax decoding.

1: Input: target structure S, length L, policy 7.
Sample o ~ Uniform(Sy,).
Initialise output y < [L]£, KV cache K + 2.
fort=0,...,L—1do
q < mo(o¢ |y, S, 0,K) {Q-values at position o }
q + g+ Mask(oy,y, S) {partner / repeat / A-budget
masks}
Yo, ¢ arg max q; update K.
end for
9: return y.

AN AN o

[o BN |

Algorithm 2 In-painting via fixed-mask pre-fill.
1: Input: target S, length L, fixed mask f € ({L} U
{A7 Ua Ga C})L’ POhCy o.
2: Pre-fill: initialise y < f at all positions where f; # L.
{Fixed nucleotides visible to partner-mask from step 0}

3: Sample o ~ Uniform(Sy).

4: fort=0,...,L —1do

5. Decode o; as in Algorithm 1, line 5-6.
6: if f,, # L then

7: Yo, < fo, {teacher-force; KV cache stays consis-

tent}

8: else

9: Yo, < Argmaxgq.

10:  end if
11:  Update K.
12: end for
13: return y.

parameters. For each training example of length L we draw
o ~ Uniform(Sy,); the causal mask is in step order, not
RNA-position order. We continue training from the released
Struct2SeQ checkpoint for 5 additional episodes (5 epochs
each) on 4xA100 80 GB GPUs, with bf16 mixed preci-
sion, FlashAttention / memory-efficient SDPA kernels, and
torch.compile yielding a ~7x training-throughput im-
provement compared to He & Sun (2026). Algorithm 1 is
the inference procedure.

Native in-painting vs. teacher-forced AR. The pre-fill in
Algorithm 2 (line 2) writes constrained nucleotides into the
output buffer before the decode loop starts. Subsequent
decode steps therefore read these identities through the
partner-mask irrespective of their position in o. Setting
f to wild-type at motif positions yields motif preservation;
setting f to wild-type at scaffold positions yields motif re-
design. An L—R AR decoder with teacher-forced motif
positions [a, b] cannot replicate this: at decode steps ¢t < a,
the motif positions have not yet been visited and are absent
from the KV cache, so upstream scaffold tokens are sampled
without the motif identity as conditioning context; only at
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t > b does the overridden motif enter the KV cache and
condition downstream sampling. For pseudoknotted targets
with long-range pairs crossing the motif boundary, this is
particularly limiting. Table 1 reports a 1.4x perfect-Jaccard
ratio in our favour on motif preservation.

4. Experiments

Benchmark. We evaluate on the 20 OpenKnot Round
7b 240-mer pseudoknot puzzles (Eterna Game, 2024a; Lee
et al., 2014). Each method generates K ~1000 samples per
target. Sequences are scored identically across all rows:
predicted secondary structure from RibonanzaNet-SS (He
et al., 2024) — Hungarian-matched base-pair set — Jaccard
against the target. We report perfect-Jaccard rate (fraction
of samples with Jaccard = 1.0) and puzzles solved (> 1
perfect at K=1000) on every row.

Headline results. The main comparison in Table 1 tests
our central sample-efficiency claim. At matched K ~1000,
our random-permutation argmax decoder produces 33.24%
perfect designs and solves 13/20 puzzles. The best pub-
lished AR protocol (3-strategy + rescue, faithful to the
Struct2SeQ decoding strategy; see Table 1 caption for the
protocol definition) reaches 6.64% / 17(/20): per-sample
reliability is 5.0x higher for our model, while AR’s cov-
erage lead of 4 puzzles comes entirely from rescue (§5).
Under matched protocol, the per-sample ratio is 2.0x in our
favour and AR leads coverage by 2 puzzles.

Architecture vs. decoding order. To isolate the contribu-
tion of decoding order from architecture and additional train-
ing, we run a same-checkpoint ablation. Holding weights
and architecture fixed, L—R + argmax reaches 23.72% / 10
and random-perm + argmax reaches 33.24% / 13 (+9.52 pp
from order alone). Holding decoding order fixed at L—R +
argmax, the original 10-episode checkpoint reaches 14.35%
/ 5 versus our 23.72% / 10 (+9.37 pp from architecture plus
5 extra training episodes; confounded). Order and archi-
tecture+training each contribute roughly half of the total
perfect-rate gain.

Per-strategy AR ablation. To check whether the 3-
strategy gain over argmax-only AR comes from one domi-
nant strategy or from the diversity-injection ensemble, we
report each strategy individually at K=333. For origi-
nal Struct2SeQ AR, ¢=0.05 achieves 10.77%/12, €=0.10
achieves 8.79% (11), Q-softmax achieves 0.07%/2. Our
random-perm checkpoint mirrors the pattern: 24.03% / 13,
16.89% / 14, 0.07% / 3. @Q-softmax is uncorrelated with
correctness because ()-values are not calibrated probabil-
ities (He & Sun, 2026, §2.7): softmax over them drifts
off-peak. At K=98000, 0.07% still yields ~70 perfects
per target; at K=333 it yields ~0.2. Token-level sampling

thus contributes diversity but little correctness, motivating
our search for diversity from a different mechanism.

Diversity engine. If random decoding order alone gen-
erates sample diversity, token-level sampling becomes
optional. We test this by counting unique sequences
across K=1000 samples per target. Random-permutation +
argmax produces 20,032 unique sequences, one per sample.
The 3-strategy AR protocol of Struct2SeQ is the analogous
diversity mechanism on the L—R side ( argmax-only L—R
is naturally deterministic, producing only ~17 unique se-
quences per target on the same budget) but it injects token-
level noise. Random-perm therefore composes with argmax
instead of requiring token-level sampling to recover diver-
sity, which is why our argmax-only result outperforms every
other single configuration in Table 1.

In-painting. For each target, we extract a structural-element
inventory (hairpins, internal loops, multi-loops, and pseudo-
knot stems) via a stem-grouping algorithm built on Open-
KnotScorePipeline’s pair-crossing classification (Eterna
Game, 2024b). Per sample, we draw one motif uniformly
at random from the inventory, with motif sizes capped at
50% of L and mean selected size ~15%. Native motif
preservation under this protocol reaches 25.69% / 13 at
K=1000; motif redesign reaches 19.82% / 13 on the same
inventory. Constraint satisfaction is verified at 100% on a
500-sequence sample. Motif redesign is inaccessible under
L—R AR even with teacher-forcing, because the decoder
commits scaffold positions before reaching the motif, as
confirmed empirically in Table 1: our random-permutation
motif preservation outperforms the AR argmax + teacher-
forced “hack” by 1.40x on per-sample reliability, while
motif redesign is structurally impossible.

5. Discussion

Per-sample reliability vs. coverage Pareto. Per-sample
reliability and puzzle coverage are distinct operating points.
Prior evaluations have favored coverage at large sampling
budgets, leaving per-sample reliability under-reported. Best-
of-N at K=98 000 optimises coverage; our random-perm
checkpoint optimises per-sample reliability (33.24% of sin-
gle samples perfect at K=1000, with no rescue or sampling
temperature) and offers both extremes from one checkpoint
(reliability-optimised: 33.24% / 13; coverage-optimised:
13.44% / 15). Per-sample reliability is the axis that deter-
mines wet-lab synthesis cost and constrained-design fea-
sibility, especially as design problems get longer or more
challenging.

Order randomisation as a diversity engine. Random-
permutation decoding obtains diversity from the decod-
ing order itself: distinct o’s induce distinct conditioning
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Table 1. OpenKnot Round 7b 240-mer pseudoknot design at matched K ~1000 samples per target. Perfect-Jaccard % is the fraction
of designs reproducing the target exactly (Hungarian on RibonanzaNet-SS predicted base-pair probabilities, #=0.5). Puzzles solved is
the count of targets with > 1 perfect-Jaccard design at K=1000. The original Struct2SeQ row uses the released checkpoint trained for
10 episodes; “Ours” uses our order-agnostic Transformer-decoder variant trained for 5 additional episodes. The 3-strategy protocol is
e-greedy with p=0.05, e-greedy with p=0.10, and Q-softmax sampling at p=1.0, each with K'~333, matching the protocol of He & Sun
(2026). Rescue is the post-hoc 4% local repair on the per-puzzle best non-perfect seed when |diff _pos| < 4.

Method Perfect-Jaccard (%) Puzzles solved
Plain generation. Original Struct2SeQ AR (L—R, 10 episodes)
argmax-only 14.35 5/20
3-strategy 6.55 13/20
3-strategy + rescue 6.64 17/20
Plain generation. Ours (bidirectional, 10 + 5 episodes)
L—R argmax-only 23.72 10/20
L—R + 3-strategy 9.38 12/20
L—R + 3-strategy + rescue 9.13 13/20
Random-perm argmax-only 33.24 13/20
Random-perm + 3-strategy 13.65 14/20
Random-perm + 3-strategy + rescue 13.44 15/20

In-painting. Ours (random-perm) and AR teacher-forced reference

Motif preservation 25.69 13/20
Motif preservation + rescue 25.28 13/20
Motif redesign (AR-impossible natively) 19.82 13/20
In-painting. Ours L—R + teacher-forced motif (architecture vs. order ablation)
L—R + teacher-forced motif (argmax) 18.41 11/20
L—R + teacher-forced motif + 3-strategy 7.60 12/20
L—R + teacher-forced motif + 3-strategy + rescue 7.31 12/20
L—R + teacher-forced motif (argmax) + rescue 18.13 11720

paths through the same trained policy, producing 1000 dis-
tinct argmax outputs from K'=1000 samples without any
token-level randomness. The 3-strategy AR protocol used
by Struct2SeQ (e-greedy at two values plus (Q-softmax)
achieves the analogous outcome via a different mechanism:
injecting token-level noise into the decoder, but at a per-
sample reliability cost. Order randomisation is orthogonal
to per-sample reliability rather than substituting for it.

Why rescue is one-sided: over-pair vs. under-pair fail-
ures. Symmetric rescue (4" local enumeration on the per-
puzzle best non-perfect seed) reaches Jaccard = 1.0 on 4/5
AR seeds but 0/6 random-perm seeds. This is failure-mode
asymmetry. AR’s narrow exploration produces over-pair
errors (an extra predicted pair the target lacks), which res-
cue removes by breaking Watson-Crick complementarity.
Random-perm produces under-pair errors: the target wants
a pair the network refuses to predict from the surrounding
~200 bases of context, and no local mutation creates one.
Manual verification on puzzle 12 confirms all 16 mutations
of the relevant C-G pair fail (max Jaccard 0.984); multi-seed
model-guided in-paint rescue (top-5 seeds, K =100) hits the
same ceiling. While rescue is a useful tool, its utility tracks
failure-mode locality, which is set by decoding regime.

6. Limitations and conclusion

Limitations. As is standard in data-driven RNA design,
our evaluation is computational throughout: predicted sec-
ondary structure serves as the design oracle, with experi-
mental validation deferred to follow-up. The reliability of
2D oracles is what defines our scope, and 3D-conditioned
and joint 2D/3D generation are complementary directions
with unique data bottlenecks. Within this scope, the residual
failures on the seven unsolved OK7b puzzles are systemati-
cally under-pair errors, and closing this gap will require a
training-time intervention (in-painting-aware fine-tuning or
near-miss-targeted RL) rather than another inference-time
sampling protocol.

Conclusion. Order-agnostic decoding for RNA inverse
folding delivers 5x higher per-sample reliability than au-
toregressive baselines, with motif preservation and motif re-
design supported natively from one trained checkpoint. Use
cases of this method could include aptamer and riboswitch
engineering: fix the binding pocket as the constrained motif
and redesign the surrounding regulatory scaffold (or vice
versa) via fixed-mask pre-fill, then validate by chemical
mapping (SHAPE) (Merino et al., 2005) and in-vitro fold-

ing
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Impact Statement

This work targets RNA inverse folding for pseudoknot-
bearing targets, with downstream relevance to mRNA thera-
peutic design (Damase et al., 2021; Zhang et al., 2023),
riboswitch and aptamer engineering (Wachsmuth et al.,
2013; Penchovsky, 2014; Wayment-Steele et al., 2022). We
choose 2D secondary-structure design because chemical-
mapping experiments make experimentally-grounded struc-
tural feedback abundant in a way 3D crystallographic data
is not (Lee et al., 2014; He et al., 2024), allowing the re-
sulting neural oracles to be incorporated directly into the
design loop. By raising per-sample reliability and lower-
ing the compute requirement for high-quality candidates
(~100x less per target than the published Struct2SeQ base-
line at matched coverage), the method reduces both compute
and wet-lab cost, lowering the barrier for academic labs to
participate in RNA design challenges. We see no immedi-
ate dual-use concern beyond those generic to nucleic-acid
design tools; downstream synthesis is gated by physical
reagent access. Interactive deployment on platforms such as
Eterna (Lee et al., 2014; Wayment-Steele et al., 2022) is a
promising longer-term direction: order-agnostic decoding is
a natural fit for a setting in which a human fixes an arbitrary
subset of nucleotides and the model fills in the rest in real
time, placing the design tool in a transparent collaborative
role rather than as an opaque generative oracle.
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