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Abstract

Background: RNA inverse design seeks sequences that fold into a target three-dimensional structure.
In reinforcement learning (RL)-based approaches, the folding oracle converts generated sequences
into predicted structures and thereby defines the reward signal used to update the sequence-
generation policy. Because independent benchmarks provide mixed evidence regarding the relative
RNA structure-prediction performance of general and RNA-specialist models, it is unclear whether
predictive performance on conventional benchmarks translates directly into utility as an RL reward
oracle. We investigate this question in RIDER by replacing its RN A-specialist oracle with AlphaFold3
(AF3) across the 14-structure Das benchmark. Results: Across the benchmark, oracle choice affected
both the structural self-consistency reached during RL fine-tuning and the resulting training dynam-
ics, with RhoFold generally showing stronger performance than AF3 under the conditions tested.
AF3 achieved lower peak TM-scores than RhoFold on 10 of 14 targets, with mean peak TM-scores of
0.332 and 0.437, respectively. AF3 achieved higher peak TM-scores on three short structural RNAs,
while one target (1XPE) was effectively tied. An auxiliary AF3 MSA-sensitivity analysis showed that
the RL performance deficit persisted on several targets for which MSA-free inference produced lit-
tle change relative to MSA-enabled AF3 predictions, suggesting that MSA availability alone does
not account for the observed RL differences. A reward-distribution comparison across all 14 targets
showed weak agreement between oracle rewards assigned to identical candidate sequences in both
magnitude (mean Pearson r = 0.103, median 0.091) and ranking (mean Spearman p = 0.069,
median 0.085). Three targets (1L2X, 1Q9A, 1LNT) survived Benjamini-Hochberg correction for
both statistics; notably, 1Q9A showed strong inverse rank agreement (p = —0.738). Reward disper-
sion was highly target-dependent: median AF3/RhoFold variance, MAD, and IQR ratios were 0.98,
0.80, and 0.86, respectively, despite means above 1 because of a small number of high-dispersion tar-
gets. The strongest exploratory association with RL outcome was observed for the log MAD ratio
(r = —0.622, p = 0.017), but this did not survive correction across the three dispersion measures
(g = 0.052) and weakened after excluding the extreme 2R8S target (r = —0.542, p = 0.056). Con-
clusions: These results indicate that performance on conventional structure-prediction benchmarks
does not necessarily translate into improved performance as an RL reward oracle. Reward-landscape
disagreement is strongly target-dependent in both reward magnitude and candidate ranking. Robust
dispersion measures identify a suggestive association between greater AF3 reward spread and poorer
AF3-relative RL performance, but the evidence remains exploratory and stochastic repeatability is
not measured directly. More broadly, oracle selection for RL-based RNA design may need to consider
operating regime and reward behaviour in addition to structure-prediction accuracy.
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1 Background

RNA structure is closely connected to molec-
ular function, making computational design of
sequences that adopt a desired structure an impor-
tant problem in synthetic biology and RNA
engineering. RNA inverse design, or inverse fold-
ing, reverses the conventional structure-prediction
problem: rather than predicting structure from a
given sequence, it seeks one or more nucleotide
sequences compatible with a specified structural
target.

1.1 RNA Inverse Design

RNA inverse design encompasses related but
distinct problems depending on the structural
representation used as the design target. In
secondary-structure inverse folding, the objec-
tive is to identify an RNA sequence predicted
to adopt a specified base-pairing pattern, com-
monly represented in dot-bracket notation. Classi-
cal methods such as RNAinverse and INFO-RNA
approach this problem through thermodynamic
folding models and sequence-space search, while
later methods including RNAiFold and antaRNA
introduced constraint programming and alterna-
tive optimization strategies [1-4]. Reinforcement-
learning methods have also been developed for
this setting; for example, LEARNA constructs
sequences sequentially using feedback from pre-
dicted secondary-structure agreement [5]. These
approaches demonstrate the use of folding-based
feedback for sequence optimization, but their
design objective remains a two-dimensional base-
pairing topology rather than a complete RNA ter-
tiary structure. Three-dimensional RNA inverse
design is a distinct and more recent problem
in which the input is an experimentally deter-
mined or computationally specified RNA back-
bone and the objective is to generate sequences
compatible with that 3D geometry. Recent deep-
learning approaches differ substantially in how
they represent the target structure and gener-
ate candidate sequences. gRNAde uses a geo-
metric graph neural network (GNN) to encode
one or more RNA backbone conformations and
generates sequences autoregressively, conditioning
each nucleotide prediction on the target geometry
and previously generated residues [? |. Relational
extensions of this framework introduce separate

edge types representing backbone connectivity,
secondary-structure interactions, and spatial rela-
tionships, providing the network with additional
structural information beyond geometric prox-
imity alone [6]. Other methods have explored
alternative representations and generative strate-
gies for the same 3D design problem. SCRU-Seq
and SCRU-Diff operate on structural units derived
from RNA 3D data using a dual-radius graph
representation intended to capture both local
chemical environments and longer-range struc-
tural relationships [7]. SCRU-Seq predicts an
RNA sequence directly in a non-autoregressive
forward pass, whereas SCRU-Diff uses iterative
discrete diffusion to generate diverse sequences
for a target backbone. RiboDiffusion similarly
formulates 3D inverse folding as conditional dif-
fusion, combining a geometric structure encoder
with Transformer-based iterative sequence refine-
ment [8]. Together, these methods demonstrate an
advance from secondary-structure inverse folding
toward generative models conditioned directly on
tertiary structural information. Despite sharing a
3D structural input, these approaches also differ
in their optimization objectives. Many structure-
conditioned models are trained primarily through
native sequence recovery, which measures similar-
ity between a generated sequence and the exper-
imentally observed sequence associated with a
target backbone. However, a single tertiary struc-
ture may be compatible with multiple sequences,
so native sequence recovery is only an indirect
measure of whether a generated sequence repro-
duces the intended fold. RIDER addresses this
distinction explicitly by combining a 3D structure-
conditioned diffusion model with reinforcement-
learning fine-tuning [9]. A geometric encoder first
represents the target RNA backbone and con-
ditions diffusion-based sequence generation; the
resulting policy is then fine-tuned using structural
self-consistency between the target structure and
the predicted 3D fold of generated sequences. This
reinforcement-learning stage introduces a depen-
dency that is absent, or less direct, in purely super-
vised sequence-recovery approaches. The struc-
ture predictor used during RIDER fine-tuning
determines the reward assigned to each candi-
date sequence and therefore defines the reward
landscape over which the policy is optimized.
Consequently, the properties required of a useful
RL folding oracle may differ from those required



of a predictor evaluated only on conventional
structure-prediction benchmarks. This motivates
the present study of whether replacing RIDER’s
RNA-specialist structure-prediction oracle with
a more general biomolecular structure predictor
changes the behaviour and outcome of RL-based
RNA inverse design.

1.2 RNA Structure Prediction and
Folding Oracles

The distinction between secondary- and tertiary-
structure design is also important when con-
sidering the prediction models used to eval-
uate candidate sequences. Secondary-structure
prediction methods estimate base-pairing rela-
tionships from sequence, typically represented
as dot-bracket structures or pair-probability
maps. Thermodynamic methods such as RNAfold
and Mfold wuse nearest-neighbour free-energy
models, while comparative methods can addi-
tionally exploit covariation across homologous
sequences. Although these approaches are central
to secondary-structure inverse folding, they do
not directly provide the three-dimensional coor-
dinates required by RIDER’s tertiary-structure
reward. Three-dimensional structure predictors
instead map RNA sequences to spatial molec-
ular structures that can be compared directly
with the target backbone. Recent learned pre-
dictors include RNA-specific models such as
RhoFold/RhoFold+ and general biomolecular pre-
dictors such as AlphaFold3. These models differ
not only in architecture and training data, but
also in their operating regimes and structure-
generation procedures. Such differences are par-
ticularly relevant when the predictor is embed-
ded inside an RL loop, where repeated oracle
evaluations determine the reward assigned to
generated sequences. For an RL-based design
framework, prediction accuracy alone therefore
does not fully characterize oracle quality. The
oracle must produce a reward landscape that
provides useful discrimination among candidate
sequences and a sufficiently consistent optimiza-
tion signal for policy updates. Two predictors
may achieve similar performance when evalu-
ated against experimentally determined struc-
tures while ranking candidate sequences differ-
ently within the region of sequence space explored
by the design policy. Oracle selection should

therefore be considered as an optimization prob-
lem as well as a structure-prediction problem.
Deep learning methods have recently achieved
substantial advances in RNA 3D structure pre-
diction. RhoFold [10] introduced an architecture
for RNA tertiary-structure prediction using mul-
tiple sequence alignment (MSA)-based inference,
and the later RhoFold+ model [11] incorporates
RNA-FM, a language model pretrained on RNA
sequences, alongside MSA-derived information.
AlphaFold3 (AF3) [12] extends the AlphaFold
framework to multiple biomolecular modalities,
including RNA, and generates structures through
a diffusion-based module. Independent bench-
marking does not establish a uniform accu-
racy ordering between AF3 and RNA-specialist
predictors: one third-party evaluation reported
higher mean TM-score for AF3 than RhoFold+
on an RNA monomer benchmark [13], whereas
the RhoFold+ evaluation reports stronger perfor-
mance for RhoFold+ on its single-RNA compar-
isons [11]. The two predictors also differ in their
standard operating pipelines, although both sup-
port documented inference without coevolution-
ary MSA information. RhoFold exposes a single-
sequence inference option (--single_seq_pred),
while the official AF3 input specification defines
RNA MSA-free inference by supplying an empty
unpairedMsa field, which prevents MSA construc-
tion for that RNA chain. In the RL setting
studied here, repeated database searches for every
generated trajectory are computationally imprac-
tical, so both oracle conditions are evaluated in
their documented MSA-free modes. The auxiliary
analysis in Appendix A therefore serves only to
contextualize how AF3 prediction quality changes
relative to an MSA-enabled workflow; it is not
required to establish the fairness of the head-
to-head MSA-free oracle comparison. A second
distinction is structure generation: the RhoFold
oracle used in the RIDER implementation is
deterministic under a fixed configuration, whereas
AF3 employs diffusion-based structure genera-
tion. These differences motivate examining oracle
behaviour inside the RL loop rather than inferring
oracle utility solely from conventional prediction
benchmarks.



1.3 RIDER: RL-Based RNA
Inverse Design

RIDER [9] utilizes a GVP-GNN structure encoder
and a variance-preserving diffusion decoder, oper-
ating on a 3-bead coarse-grained backbone rep-
resentation (P, C4/, N1/N9) with a k-nearest-
neighbour graph (k = 32). Sequences are gener-
ated via DDIM-sampled denoising diffusion (30
steps during RL, 50 at inference). Training pro-
ceeds in two stages: a supervised RIDE pre-
training stage that recovers native sequences from
crystallographic structure, followed by RL fine-
tuning against a specific target structure via pol-
icy gradient updates. For each generated sequence,
the folding oracle predicts a 3D structure and
computes a self-consistency reward:

R = —(3RMSD)’ + (5GDT_TS} + bonus.
(1)
Here, R is the scalar reward assigned to a gen-
erated candidate sequence. RMSD is the root-
mean-square deviation, in A, between correspond-
ing coordinates in the oracle-predicted and tar-
get structures after optimal superposition; lower
RMSD indicates closer structural agreement, so its
squared contribution enters the reward negatively.
The factor 1/2 is a fixed scaling coefficient inher-
ited from the RIDER reward implementation.
GDT_TS is the Global Distance Test Total Score,
a unitless measure of the fraction of the struc-
ture that can be superimposed within predefined
distance thresholds; higher values indicate better
structural agreement. The factor 5 is the corre-
sponding fixed scaling coefficient before squaring.
The bonus term consists of two mutually exclusive,
threshold-triggered linear components, evaluated
in priority order: if GDT_TS > 0.45, a bonus of
(GDT_TS — 0.45) x 100 is added; otherwise, if
RMSD < 3A, a bonus of (3 — RMSD) x 20 is
added. At most one bonus component applies per
evaluation. This adds an additional linear contri-
bution after a high-similarity threshold is reached,
increasing reward separation among candidates in
that regime. All reward coefficients and thresh-
olds are held fixed across oracle conditions, so the
folding oracle is the experimental variable.
Crucially, the RL stage fine-tunes on a sin-
gle fixed target structure at a time, making each
run a probe of the oracle’s reward signal for
that specific target. The oracle therefore has two

related roles: it defines the reward landscape the
policy navigates, and it supplies the training sig-
nal that shapes subsequent sequence generation.
These properties are distinct from, and not guar-
anteed by, raw prediction accuracy measured out-
side the RL setting. Because the oracle maps each
candidate sequence to a predicted structure and
resulting reward, it can in principle be substituted
for another structure-prediction model exposing
the same interface. We use this property to com-
pare the native RNA-specialist oracle RhoFold
with AF3 while holding the remaining RIDER
training pipeline fixed.

1.4 Study Objective and Hypotheses

We investigate whether replacing RIDER’s Rho-
Fold folding oracle with AF3 changes RL opti-
mization behaviour and the structural self-
consistency reached under otherwise fixed training
conditions. Beyond measuring the direct perfor-
mance difference between oracle conditions, we
consider two hypotheses that could account for
an observed gap. H1 (reward-landscape align-
ment) proposes that oracle utility depends partly
on how the reward landscape induced by a predic-
tor aligns with the PDB-derived target structures
and structural metrics used by RIDER; two pre-
dictors can therefore rank the same candidate
sequences differently even when both are accurate
structure predictors. H2 (reward dispersion
and consistency) distinguishes two related prop-
erties of the oracle signal: dispersion of rewards
across different candidate sequences and stochas-
tic repeatability when the same sequence is eval-
uated repeatedly. Either property could affect
PPO optimization by changing the distribution or
uncertainty of advantage estimates used for pol-
icy updates. The present study directly measures
across-sequence reward dispersion and training
dynamics; repeated folds of identical sequences
would be required to isolate stochastic ora-
cle repeatability. These hypotheses motivate the
reward-distribution, training-dynamics, and aux-
iliary MSA-sensitivity analyses presented below;
they are evaluated as possible explanatory mech-
anisms rather than assumed to be the causes of
any observed oracle-performance difference.
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2 Methods

2.1 Oracle Configurations

RhoFold is used as the RNA-specialist oracle
in the comparison. The experimental condition
uses the checkpoint model_20221010_params.pt
[10], with documented single-sequence infer-
ence enabled (--single_seq pred True). This
checkpoint-and-mode combination defines the

RhoFold condition reported throughout the
manuscript; RhoFold+ is discussed separately
only when citing later structure-prediction lit-
erature. AlphaFold3 [12] is run via Apptainer
in the documented RNA MSA-free operating
mode: the RNA unpairedMsa input is set to an
empty string and the data-pipeline search is dis-
abled (--run_data_pipeline=false). The official
AF3 input specification defines an empty RNA
unpairedMsa as MSA-free inference. This mode is



used because database search for each of the 60
sequences generated per RL epoch is computation-
ally impractical inside the RL loop. Both oracles
are accessed through a common wrapper interface
(oracle.py), with a single fold() method regardless
of the underlying model, so the RL loop’s sam-
pling and reward-computation code is identical
across oracle conditions. Which oracle is active for
a given run is selected via a single configuration
field (config.oracle, set to rhofold or alphafold3
in the run’s YAML configuration) and instanti-
ated through function (get-oracle()). This design
is what makes the oracle substitution investigated
in this paper a controlled swap.

2.2 RL Hyperparameters

All 28 runs (14 structures x 2 oracles) share
the hyperparameters in Table 1 and the same
pre-trained RIDE checkpoint.

2.3 Experimental Design

We hold the RIDER architecture, pre-trained
RIDE checkpoint, and all RL hyperparameters
fixed and vary only the folding oracle, isolat-
ing the oracle’s contribution to performance. We
align our oracle comparison with the standard
benchmark established by Das et al. [14] and
adopted by gRNAde [? | and RIDER [9], com-
prising 14 RNA structures spanning riboswitches,
aptamers, ribozymes, and structural RNA ele-
ments (Table 2), all held out from training.

2.4 Reward Distribution Sampling
Protocol

To characterize each oracle’s reward signal
independent of RL training dynamics, the
reward-distribution comparison (Section 3.3) was
extended from a single preliminary target to all
14 Das14 benchmark structures. For each target,
a fixed pool of 100 sequences was sampled from
the pre-trained RIDE checkpoint before any RL
fine-tuning. Each candidate sequence was then
folded by both oracles and scored with the RIDER,
reward function (Equation 1) against the corre-
sponding target structure, yielding the per-target
statistics reported in Table 5. Sequences are gen-
erated using DDIM sampling at temperature 0.5
with 30 denoising steps from the pre-trained RIDE

checkpoint, representing the policy’s prior distri-
bution with no influence from either oracle. To dis-
tinguish variation across candidate sequences from
stochastic AF3 prediction variability, repeated
AF3 predictions of identical sequences across mul-
tiple random seeds should be analysed separately
in future work (Section 4.3).

2.5 Reward-Distribution Statistical
Analysis

For each target, the primary agreement statis-
tic is the Pearson correlation coefficient r, com-
puted on the 100 paired (RhoFold, AF3) rewards
assigned to the same candidate sequences. Pear-
son r measures the strength and direction of a
linear relationship between the two reward scales,
with r = 1 denoting perfect positive linear agree-
ment, r = 0 no linear association, and r = —1
perfect inverse linear association. The associated
two-sided p value tests the null hypothesis r = 0;
because 14 target-level tests are performed, p <
0.05 is described as nominal significance rather
than family-wise evidence. Benjamini-Hochberg
false-discovery-rate (FDR) correction is applied
separately to the 14 Pearson and 14 Spearman
target-level tests at ¢ = 0.05.

Spearman’s rank correlation coefficient p is
computed on the same paired rewards as a rank-
based sensitivity analysis. Spearman p measures
monotonic agreement in candidate ordering rather
than requiring a linear relationship on the orig-
inal reward scale. It is particularly relevant to
H1 because PPO optimization depends on relative
reward ordering as well as reward magnitude.

Reward spread is characterized by three
AF3/RhoFold dispersion ratios. The conventional
variance ratio is 03 ps/0&0p0d- LWO robust sen-
sitivity measures are also computed: the median-
absolute-deviation ratio, MADar3/MADRhoFold,
where MAD is the median absolute distance from
the sample median; and the interquartile-range
ratio, IQR s /IQRR1oro1d, Where IQR is the dif-
ference between the 75th and 25th percentiles.
Ratios above 1 indicate broader AF3 reward
dispersion and ratios below 1 indicate broader
RhoFold dispersion. MAD and IQR reduce the
influence of extreme reward observations relative
to variance.

For cross-target associations with RL outcome
(Section 3.3), each dispersion ratio is natural-log



Table 1 RL hyperparameters held fixed across all oracle conditions.

Hyperparameter Value
RL epochs 80
Learning rate 5x 107°
Trajectories per epoch 60
Policy-gradient updates per epoch 2

PPO clip ¢ 0.5
Baseline EMA g 0.8
DDIM steps (train / inference) 30 / 50
Sampling temp. (train / eval) 0.5/0.1
Precision fpl6

Oracle-specific settings

RhoFold checkpoint/mode
AF3 mode

model 20221010_params.pt; single-seq. (-—single_seq_pred True)
RNA MSA-free (empty unpairedMsa; run data pipeline=false)

Table 2 The 14 RNA structures of interest identified by Das et al. [14], used as the benchmark for oracle comparison in
this work. Sample indices refer to positions in the DAS test split of the gRNAde / RIDER dataset. Lengths reflect the

number of nucleotides after masking non-standard residues.

PDB  Description Length (nt) Class Sample idx
1X9C  All-RNA hairpin ribozyme 60 Ribozyme 1
4FE5  Guanine riboswitch aptamer 67 Riboswitch 19
2GDI  Thiamine pyrophosphate riboswitch 78 Riboswitch 52
1L2X  Viral RNA pseudoknot 27 Pseudoknot 62
2GCS  glmS ribozyme (pre-cleavage) 122 Ribozyme 66
1ET4  Vitamin B12 binding RNA aptamer 35 Aptamer 75
1Q9A  Sarcin/ricin domain, 23S rRNA 27 Structural RNA 76
2R8S  FAB-bound ribozyme domain 159 Ribozyme 84
1XPE HIV-1 RNA dimerization site 46 Structural RNA 91
1CSL  RRE high affinity site 28 Aptamer 93
1LNT  RNA internal loop of SRP 22 Structural RNA 94
1F27 Biotin-binding RNA pseudoknot 19 Pseudoknot 95
20EU  Junctionless hairpin ribozyme 42 Ribozyme 96
354D  Loop E from FE. coli 5S rRNA 23 Structural RNA 97

transformed before correlation. The log transfor-
mation maps equal dispersion to 0, AF3-greater
dispersion to positive values, and RhoFold-greater
dispersion to negative values while reducing right
skew. ARy, is the outcome variable reported in
Table 3, defined as AF3 peak TM minus Rho-
Fold peak TM; negative values therefore indicate
a RhoFold advantage. We correlate per-target
Pearson r and Spearman p with Agrp to test
whether oracle agreement predicts downstream
oracle-relative performance. We separately corre-
late the log variance, log MAD, and log IQR

ratios with Agy,. Because these three dispersion—
outcome associations are exploratory tests of the
same mechanism, their p values are addition-
ally adjusted together using Benjamini—Hochberg
FDR correction. Sensitivity to the extreme 2R8S
dispersion target is assessed by repeating the
dispersion—outcome correlations after excluding
that target.



3 Results

3.1 AF3 Shows Lower RL Oracle
Performance Than RhoFold on
Most Targets

We test RL oracle performance by comparing
RhoFold and AF3 under otherwise fixed RIDER
settings. Table 3 reports oracle-specific peak TM-
score and minimum RMSD across all 14 struc-
tures. RhoFold achieved a higher peak TM-score
on 10 of 14 structures, with a mean peak TM-
score advantage of 0.105 (0.437 vs. 0.332). AF3
achieved a higher peak TM-score on three targets
(ILNT, 354D, and 1Q9A), while 1XPE was effec-
tively tied (Ary = +0.001). The largest RhoFold
advantages occur among several longer ribozyme
and riboswitch targets. Across the six ribozyme or
riboswitch targets of length 42-159 nt, RhoFold
achieved a mean peak TM-score of 0.618 compared
with 0.408 for AF3. By contrast, AF3 achieved
higher peak TM-scores on three short structural
RNAs (<27 nt), with 1XPE effectively tied.
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1L2X (27 nt) q L]

1Q9A (27 nt) 4 [ 2
1CSL (28 nt) 4 o

1ET4 (35 nt) 4 o

Target

20EU (42 nt) q @
1XPE (46 nt) q
1X9C (60 nt) q L]

4FES5 (67 nt) q L ]
2GDI (78 nt) 4 L ]

2GCS (122 nt) L J

2R8S (159 nt) 4 @

0.0 0.2 0.4 0.6 0.8
Peak TM-score

Fig. 3 Peak TM-score across Dasl4 targets. Con-
nected markers compare RhoFold and AF3 oracle condi-
tions for each target.

3.2 Training Dynamics

Plateau TM is the mean TM-score over the final
20 logged steps; Collapse % is the fraction of post-
warmup logged RL steps (logged step > 50) with

TM < 0.1 (Table 4). Collapse rates were not uni-
form across the benchmark. Both oracles showed
100% collapse on the three shortest structures
(1F27, 1LNT, 354D), while both showed 0% col-
lapse on 112X, 1Q9A, 1XPE, and 4FE5. Among
the remaining seven targets, AF3 showed a higher
collapse rate than RhoFold on six (1CSL, 1ET4,
20EU, 1X9C, 2GCS, and 2R8S); 2GDI was the
exception, with collapse rates of 0.9% for AF3 and
1.9% for RhoFold. The largest difference occurred
on 20EU (51.7% vs. 21.2%).

3.3 Oracle Reward Distribution
Comparison

To characterize each oracle’s reward signal inde-
pendent of RL training dynamics, we extended the
reward-distribution comparison to all 14 Dasl4
benchmark targets. For each target, a fixed pool
of 100 sequences was sampled from the pre-
trained RIDE checkpoint before any RL fine-
tuning, folded by both oracles, and scored with
the RIDER reward function (Equation 1) against
the corresponding target structure (Section 2.4).

Across targets, reward agreement was gener-
ally weak in both magnitude and ranking. Mean
Pearson correlation was r = 0.103 (median 0.091),
while mean Spearman rank correlation was p =
0.069 (median 0.085). Five targets showed nom-
inal Pearson p < 0.05 (2GDI, 1L2X, 1ET4,
1Q9A, 1LNT), and four showed nominal Spear-
man p < 0.05 (ILNT, 1L2X, 1Q9A, 1ET4).
After Benjamini-Hochberg correction, the same
three targets remained significant for both statis-
tics: 1ILNT (r = 0.528, p = 0.630), 1L2X (r =
0.426, p = 0.425), and 1Q9A (r = —0.332, p =
—0.738). The strong negative rank correlation on
1Q9A indicates that oracle disagreement extends
beyond reward scaling: the two oracles preferen-
tially rank candidate sequences in substantially
opposing orders on this target.

Reward dispersion was also highly target-
dependent. The mean AF3/RhoFold variance
ratio was 2.828, but the median was 0.980, with
AF3 showing lower variance on 7 of 14 targets.
Robust measures showed the same heterogeneity:
mean MAD and IQR ratios were 1.895 and 2.014,
whereas the corresponding medians were 0.800
and 0.856; AF3 showed lower MAD and IQR dis-
persion on 8 of 14 targets. Thus, mean ratios above
1 do not indicate uniformly broader AF3 rewards.



Table 3 Peak oracle-specific structural self-consistency (TM-score) and minimum RMSD achieved during RL
fine-tuning, comparing RhoFold and AF3 (no-MSA) as folding oracles. Arr, = AF3 peak TM — RhoFold peak TM;
negative values indicate a higher peak TM-score for RhoFold. Bold indicates the better-performing oracle per structure.

PDB Class nt RF TM AF3 TM Agry, TM RF RMSD AF3 RMSD
1F27 Pseudoknot 19 0.002 0.000 —0.002 1.745 3.450
1LNT Structural RNA 22 0.015 0.032 +0.017 3.030 3.473
354D Structural RNA 23 0.003 0.021 40.018 4.388 12.965
112X Pseudoknot 27 0.424 0.329 —0.095 1.618 2.081
1Q9A Structural RNA 27 0.531 0.697 +0.166 1.003 0.682
1CSL Aptamer 28 0.249 0.143 —0.106 2.584 3.124
1ET4 Aptamer 35 0.455 0.239 —0.217 2.218 4.195
20EU Ribozyme 42 0.318 0.153 —0.165 6.366 8.243
1XPE Structural RNA 46 0.732 0.733 +0.001 1.707 1.731
1X9C Ribozyme 60 0.388 0.193 —0.195 4.687 7.630
4FE5 Riboswitch 67 0.873 0.625 —0.248 1.152 2.438
2GDI Riboswitch 78 0.604 0.502 —0.102 3.118 4.599
2GCS Ribozyme 122 0.755 0.496 —0.258 2.817 8.951
2R8S Ribozyme 159 0.770 0.482 —0.289 3.334 8.825
Mean 0.437 0.332 —0.105 3.112 5.099

Table 4 Training-dynamics summary for all 28 Das14 RL runs (14 structures X 2 oracles).

PDB Class nt RF Plateau TM AF3 Plateau TM RF Collapse % AF3 Collapse %
1F27  Pseudoknot 19 0.000 0.000 100.0% 100.0%
ILNT  Structural RNA 22 0.014 0.032 100.0% 100.0%
354D  Structural RNA 23 0.003 0.021 100.0% 100.0%
1L2X  Pseudoknot 27 0.416 0.322 0.0% 0.0%
1Q9A  Structural RNA 27 0.531 0.697 0.0% 0.0%
1CSL  Aptamer 28 0.249 0.136 15.9% 26.8%
1ET4  Aptamer 35 0.453 0.202 0.5% 2.6%
20EU  Ribozyme 42 0.318 0.146 21.2% 51.7%
1XPE  Structural RNA 46 0.713 0.720 0.0% 0.0%
1X9C  Ribozyme 60 0.333 0.172 7.0% 31.2%
4FE5  Riboswitch 67 0.873 0.582 0.0% 0.0%
2GDI  Riboswitch 78 0.562 0.502 1.9% 0.9%
2GCS  Ribozyme 122 0.753 0.492 0.0% 0.2%
2R8S  Ribozyme 159 0.754 0.412 0.0% 0.9%
Mean 0.427 0.317 24.7% 29.6%

The largest exception was 2R8S, which remained
extreme under variance (25.43), MAD (11.18), and
IQR (11.30), showing that its increased dispersion
is not solely an artifact of variance sensitivity to
isolated outliers. 354D and 1ET4 also showed con-
sistently elevated AF3 dispersion across the robust
measures.

Neither target-level Pearson reward alignment
nor rank alignment explained the downstream
oracle-performance difference. Correlating per-
target Pearson r with Agy, gave r = —0.050 (p =
0.865), while correlating Spearman p with Agp,
gave r = —0.278 (p = 0.336). Among the three
dispersion measures, the log MAD ratio showed
the strongest exploratory association with Agy,
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Fig. 4 Representative RL training dynamics under RhoFold and AF3. TM-score trajectories are shown for 20EU,
4FE5, and 2GDI to illustrate distinct target-level training behaviours.

Table 5 RhoFold versus AlphaFold3 reward-alignment and dispersion statistics across the full 14-structure Das et al.
benchmark. For each target, 100 identical candidate sequences sampled from the pre-trained checkpoint were scored by
both oracles. Pearson r measures linear reward agreement and Spearman p measures rank-order agreement. Dispersion
ratios are AF3/RhoFold; values above 1 indicate broader AF3 rewards. Bold correlation coefficients survive
Benjamini-Hochberg correction at ¢ < 0.05 within the corresponding 14 target-level tests.

PDB Pearson r Spearman p Var. ratio MAD ratio IQR ratio
1X9C 0.128 0.079 1.423 0.859 0.847
4FE5 —0.002 0.099 0.537 1.543 1.381
2GDI 0.227 0.177 2.482 1.029 1.250
1L2X 0.426 0.425 1.633 1.240 1.487
2GCS 0.009 —0.068 1.748 0.652 0.865
1ET4 0.233 0.206 1.805 2.855 2.855
1Q9A —0.332 —0.738 0.403 0.006 0.275
2R8S —0.106 —0.018 25.427 11.180 11.301
1XPE —0.056 —0.093 0.347 0.742 0.604
1CSL 0.061 0.090 0.074 0.092 0.050
1LNT 0.528 0.630 0.178 0.104 0.216
1F27 0.151 0.026 0.134 0.121 0.101
20EU 0.056 0.037 0.203 0.123 0.146
354D 0.120 0.115 3.195 5.988 6.820
Mean 0.103 0.069 2.828 1.895 2.014
Median 0.091 0.085 0.980 0.800 0.856

(r = —0.622, p = 0.017), indicating that greater
robust AF3 reward dispersion tended to coincide
with poorer AF3-relative RL performance. How-
ever, this association weakened after excluding
2R8S (r = —0.542, p = 0.056, n = 13) and did
not survive Benjamini-Hochberg correction across
the variance-, MAD-, and IQR~outcome tests (¢ =
0.052 for MAD). The corresponding full-sample
associations for log variance ratio (r = —0.455,
p = 0.102) and log IQR ratio (r —0.388,
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p = 0.171) were weaker. These results make robust
reward dispersion a hypothesis-generating signal
rather than a confirmed predictor of RL oracle
performance.

4 Discussion

Across the Das14 benchmark, AF3 achieved lower
peak TM-scores than RhoFold on most targets
under the oracle conditions tested here. The
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Fig. 5 Oracle mean-reward comparison across
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pled from the pre-trained checkpoint; the dashed line marks
equal mean reward (y = z). Points below the line indicate a
lower AF3 mean reward for the same candidate pool. 2R8S
is a substantial outlier in both position and dispersion.

comparison therefore indicates that the relative
performance of a structure predictor on conven-
tional prediction benchmarks does not directly
determine its usefulness as an RL reward oracle.

4.1 H1: Reward-Landscape
Alignment

The full-benchmark results are consistent with H1
in showing that the two predictors can assign sub-
stantially different rewards to the same candidate
sequence space, but the effect is heterogeneous
rather than uniform. Agreement was weak on aver-
age in both reward magnitude (mean Pearson
r = 0.103) and candidate ordering (mean Spear-
man p = 0.069), and only three of fourteen targets
survived multiple-comparison correction for either
statistic (1L2X, 1Q9A, 1LNT; Table 5). The rank-
based result is particularly informative for 1Q9A:
Spearman p = —0.738 indicates strong inverse
candidate ordering, so the disagreement cannot be
explained simply by one oracle using a shifted or
rescaled reward range.

These results establish that RhoFold and AF3
define substantially different, target-dependent
reward landscapes, but they do not identify
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reward-landscape disagreement itself as the mech-
anism responsible for RhoFold’s stronger RL per-
formance. Across targets, neither Pearson align-
ment (r = —0.050, p = 0.865 versus Apgy,) nor
Spearman rank alignment (r = —0.278, p = 0.336)
predicts the observed oracle-performance gap. The
paired-reward experiment therefore establishes
disagreement between the landscapes, but it does
not determine which oracle’s candidate ranking is
better aligned with an independent ground truth,
since no oracle-independent structural ranking of
the 100-sequence candidate pools was available.

4.2 H2: Reward Dispersion and
Consistency

H2 distinguishes reward dispersion from stochastic
reward consistency. Reward dispersion describes
how widely an oracle scores different candidate
sequences within a target, whereas stochastic
consistency describes how reproducibly the ora-
cle scores the same sequence when prediction
is repeated. These properties are related but
not interchangeable: broad across-sequence dis-
persion can reflect useful discrimination among
candidates, while poor repeatability can introduce
noise into PPO advantage estimates. AF3 uses
stochastic diffusion-based structure generation, so
repeated predictions may vary across model seeds
and diffusion samples. The present full-benchmark
analysis measures only across-sequence dispersion.
The robust sensitivity analyses clarify that
broader AF3 dispersion is not a uniform
benchmark-wide property. Although the mean
AF3/RhoFold variance, MAD, and IQR ratios are
2.83, 1.90, and 2.01, their medians are 0.98, 0.80,
and 0.86, respectively. AF3 has lower variance
on 7 of 14 targets and lower MAD/IQR disper-
sion on 8 of 14. At the same time, 2R8S remains
extreme under all three measures (25.43, 11.18,
and 11.30), and 354D remains elevated under both
robust measures, showing that the high-dispersion
behaviour on these targets is not merely an arti-
fact of variance sensitivity to isolated outliers.
The strongest exploratory relationship with
downstream RL outcome is obtained with robust
dispersion: the log MAD ratio correlates with Ay,
at r = —0.622 (p = 0.017), so greater AF3-
relative MAD tends to occur on targets where
AF3 performs worse relative to RhoFold. How-
ever, the result is not confirmatory. It weakens
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after excluding 2R8S (r = —0.542, p = 0.056)
and narrowly misses FDR significance when cor-
rected across the three dispersion—outcome tests
(¢ = 0.052). The log variance and log IQR associ-
ations are weaker (r = —0.455, p = 0.102 and r =
—0.388, p = 0.171, respectively). The training-
dynamics results provide separate target-level evi-
dence that optimization behaviour differs between
oracle conditions: among the seven targets with
non-identical, nonzero collapse behaviour, AF3
shows a higher collapse rate on six, with 2GDI
as the exception (Section 3.2). Taken together,
across-sequence dispersion remains a plausible
contributor to oracle behaviour, but the evidence
is exploratory, and repeated predictions of identi-
cal sequences across multiple AF3 seeds are still
required to evaluate stochastic reward repeatabil-
ity directly.

Because both RhoFold and AF3 support doc-
umented MSA-free inference, the auxiliary AF3
MSA-sensitivity analysis is not needed to jus-
tify the head-to-head oracle comparison; rather,
it provides context for how AF3 behaves when
moved from its usual MSA-enabled workflow into
the computationally constrained RL operating
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regime. Across the 13 structures for which this
comparison is available, the association between
Anmsa and Agp is weak and not statistically
significant (r 0.207, p = 0.50). Several tar-
gets show little change in AF3 TM-score between
the two workflows while still showing a RhoFold
advantage during RL, including 1ET4 (Apmsa =
—0.014), 20EU (—0.004), 1X9C (+0.001), and
1CSL (—0.048). However, the MSA-enabled pre-
dictions were obtained from the AlphaFold Server
whereas the MSA-free predictions used the local
Apptainer deployment, so this analysis is not a
controlled MSA-only ablation and should be inter-
preted as contextual sensitivity evidence rather
than a causal estimate of the MSA contribu-
tion. These findings motivate several considera-
tions for oracle selection in RL-based biomolec-
ular design beyond raw prediction accuracy. In
particular, reward consistency, reward-landscape
alignment, and compatibility with the operat-
ing regime may affect optimization behaviour,
with the present benchmark-wide analysis provid-
ing only exploratory evidence regarding reward
dispersion and consistency. The present results



suggest that an RNA-specialist oracle can pro-
vide a more effective reward signal than a gen-
eral biomolecular predictor in this RIDER set-
ting, even when conventional structure-prediction
benchmarks do not show a uniform accuracy
advantage for the specialist model.

4.3 Limitations

Self-consistency evaluation. Structural fidelity
in Table 3 is measured via self-consistency: the
active oracle for a given run both provides the RL
training signal and evaluates the resulting candi-
date sequences, since each generated sequence’s
TM-score and RMSD are computed from that
same oracle’s own structural prediction. This
design means the reported oracle comparison par-
tially conflates two effects: differences in the RL
policy’s sequence-generation quality, and differ-
ences in each oracle’s own folding accuracy under
the shared no-MSA operating constraint. Cross-
oracle evaluation, scoring RhoFold-trained candi-
dates with AF3 and vice versa, would be needed
to separate these two effects and is not performed
in the present study. All AF3 oracle runs use
the documented RNA MSA-free operating mode,
implemented locally by supplying an empty RNA
MSA input and disabling data-pipeline search; the
comparison therefore characterizes AF3 specifi-
cally in this computationally constrained operat-
ing regime. The current oracle—target comparison
uses a single RL run per condition, so run-to-run
variation in RL optimization is not yet quan-
tified; additional seeded runs would strengthen
estimates of the robustness of the observed ora-
cle differences. Separately, the 14-structure Das
et al. benchmark, while standard for RIDER
and gRNAde evaluation, is substantially smaller
than the 100+ structure benchmarks increasingly
used elsewhere in the RNA structure-prediction
literature; the time frame of the present ora-
cle comparison (28 separate single-target training
runs) made benchmark expansion computation-
ally infeasible within the scope of this study, and
the reported findings should be read as character-
izing this specific, well-established but modestly
sized benchmark rather than establishing general-
ization across the full diversity of RNA structural
space. Separately, repeated AF3 folds of iden-
tical sequences across multiple prediction seeds
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are needed to quantify stochastic oracle vari-
ability directly, distinct from the across-sequence
variance reported in Section 3.3. The dispersion—
outcome analyses reported in Section 3.3 are based
on only n = 14 targets. The strongest relationship,
for log MAD ratio, has nominal p = 0.017 but does
not survive correction across the three exploratory
dispersion measures (¢ = 0.052) and weakens to
p = 0.056 after excluding 2R8S; it should therefore
be treated as hypothesis-generating rather than
confirmatory. On the three hardest targets (1F27,
1LNT, 354D), neither oracle achieves meaningful
structural fidelity. The comparison is limited to
RhoFold and AF3; other single-sequence predic-
tors were considered but deemed impractical as
RL oracles.

5 Conclusions

Under the conditions tested in RIDER, sub-
stituting AF3 for RhoFold as the RL reward
oracle was associated with lower peak oracle-
specific structural self-consistency on most Das
et al. benchmark targets. Because independent
structure-prediction benchmarks provide mixed
evidence regarding the relative accuracy of AF3
and RhoFold, these results do not support a simple
correspondence between conventional predictor
accuracy and RL-oracle utility. The auxiliary AF3
MSA-sensitivity analysis is weakly associated with
the observed RL differences and therefore does not
identify MSA availability as the primary expla-
nation for the benchmark-wide pattern. Reward-
landscape agreement between oracles is weak and
highly target-dependent in both reward magni-
tude and candidate ranking. Robust dispersion
analysis identifies a stronger, negative associa-
tion between AF3-relative MAD and AF3-relative
RL outcome, but the relationship is sensitive
to 2R8S and narrowly misses FDR significance
across the three dispersion tests, so it remains
exploratory. Stochastic repeatability of identical
AF3 sequence evaluations is not measured here.
Overall, the results indicate that oracle selec-
tion for RL-based RNA design should consider
reward behaviour and operating-regime compati-
bility alongside structure-prediction accuracy.



Appendix A AF3 MSA
Sensitivity
Analysis

Both RhoFold and AF3 support documented
MSA-free RNA inference, so MSA removal is not
a methodological asymmetry in the main oracle
comparison. This auxiliary analysis instead asks
how AF3 prediction quality changes when the
model is moved from an MSA-enabled workflow
into the MSA-free operating regime required by
repeated RL oracle calls. We folded the native
sequence of each benchmark structure under an
MSA-enabled AF3 workflow and under the local
MSA-free configuration used by the RL oracle,
then compared predicted C4’ coordinates with the
deposited crystal structure outside the RL loop.
MSA-enabled predictions were obtained via the
AlphaFold Server (alphafoldserver.com); MSA-
free predictions used the local Apptainer deploy-
ment with an empty RNA unpairedMsa input
and data-pipeline search disabled. Because deploy-
ment pathway and associated server/local settings
are not identical between these two conditions,
this analysis is not treated as a controlled MSA-
only ablation or as a causal estimate of the effect
of MSA removal. It is retained as a contextual
sensitivity analysis of AF3’s operating regime.
Table Al compares the MSA-enabled and
MSA-free scores for 13 analyzable targets. The
largest decreases under the MSA-free workflow
occur for 2GDI (A = —0.596), 2R8S (—0.274), and
2GCS (—0.218), whereas 1L2X (40.081), 1XPE
(40.050), and 1X9C (+0.001) show no decrease.
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Table A1 AF3 sensitivity to MSA-enabled versus MSA-free workflows. Structure-prediction accuracy is shown for 13 of 14 Das et al. targets. Apmsa

—_
=

TM(MSA-free) — TM(MSA-enabled); negative values indicate a lower TM-score in the MSA-free workflow. Because the two workflows used server and local

deployments, respectively, this table is interpreted as a contextual sensitivity comparison rather than a controlled MSA-only ablation.

Amsa TM RMSD MSA-free RMSD MSA-enabled

TM MSA-free TM MSA-enabled

nt

Description

PDB

4.82
13.84

4.29
14.75

+0.001
+0.001
+0.081
—0.096
—0.048
—0.014
—0.004
+0.050
+0.001
—0.052
—0.596
—0.218
—0.274
—0.089

0.002

0.003
0.005

19
22

Biotin-binding pseudoknot
Internal loop of SRP

1F27

0.004
0.405

1LNT
112X
1Q9A

1.69
0.40
3.00
4.79

1.57
0.57
4.25
8.99

0.891
0.231
0.218

0.486
0.795
0.183
0.204
0.016

27
27
28
35

Sarcin/ricin domain 23S rRNA

RRE high affinity site
Vitamin B12 RNA aptamer

Viral RNA pseudoknot

1CSL
1ET4
20EU
1XPE
1X9C
4FE5
2GDI

25.59

25.44
3.87
21.03
1.24
11.23
9.18
11.88
9.54

0.020

42

Junctionless hairpin ribozyme

HIV-1 dimerization site

3.56
21.43

0.404
0.022

0.454

46

0.023

60

All-RNA hairpin ribozyme

0.98
1.92
7.35
7.29
7.43

0.909
0.789
0.688
0.648

0.857
0.193

0.470

67
78
122

Guanine riboswitch aptamer

TPP riboswitch
glmS ribozyme

2GCS
2R8S

0.375
0.313

159

FAB-bound ribozyme domain

0.402

Mean

354D (Loop E from E. coli 5S rRNA, 23 nt) is excluded from this comparison. The structure contains non-standard nucleotides (modified guanosine G46, deoxyguano-
sine DG) that cause residue count inconsistencies between the dataset representation (23 nt) and AF3 predictions (21-22 nt), precluding a fair coordinate-level

comparison. 354D is retained in all RL fine-tuning experiments where RIDER’s internal masking handles non-standard residues consistently.
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