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Abstract—Most RNA inverse folding methods rely on a sin-
gle structure predictor, often resulting in sequences that over-
fit specific algorithmic biases. To address this, we present a
predictor-agnostic Evolutionary Algorithm framework that de-
couples optimization logic from folding engines. On the Eterna100
benchmark, our framework achieves a 68% solve rate using
single-tool modes, matching the performance of state-of-the-art
reinforcement learning methods. Crucially, to mitigate the risk
of model-specific errors, we introduce a consensus optimization
strategy that seeks sequences validated by multiple, distinct
folding models (e.g., thermodynamic and deep learning). By
filtering out predictor-specific artifacts, this approach acts as a
structural “safety net,” effectively reducing the occurrence of
extreme prediction outliers and yielding more robust candidates
for downstream experimental testing. Finally, the framework
features a modular “plug-and-play” architecture that supports
granular, nucleotide-level constraint control, enabling precise
customization for diverse design tasks.

Index Terms—RNA Inverse Folding, Evolutionary Algorithms,
Consensus Optimization, RNA Design, Multi-Model Framework

I. INTRODUCTION

A. Background and Motivation

The RNA inverse folding problem seeks to generate
nucleotide sequences whose predicted secondary structure
matches a predefined target structure. Formally, given a target
structure S, the objective is to find sequences x such that a
folding function f(x) = S under a specified RNA structure
prediction model [2] [3]. This problem constitutes a core task
in computational RNA design and has been addressed using
evolutionary algorithms, constraint programming, and more
recently, deep generative models [1] [4] [5] [6] [20].

RNA inverse folding is essential for numerous applications
in synthetic biology and biomedicine. In mRNA therapeutics,
RNA secondary structure influences translation efficiency,
molecular stability, and immune response [7] [8]. In ribozyme
engineering and RNA-based biosensors, functional activity
depends critically on the formation of specific structural motifs
[9] [10]. These applications require not only structural correct-
ness but also robustness against the uncertainty inherent in the
use of incomplete models for the prediction of RNA structure.
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A major challenge in RNA inverse folding arises from
the inconsistency among RNA secondary structure predictors.
Widely used tools such as ViennaRNA [3], CONTRAfold
[11], TPknot [12], ProbKnot [13], and MXfold2 [14] rely on
different thermodynamic assumptions, probabilistic models,
or learning-based objectives. This creates a cross-validation
failure: a sequence optimized for one model often fails when
validated by another predictor. This inconsistency reduces the
likelihood of correct functionality of the designed sequences.
Solutions optimized for one model often fail to transfer to
others.

Most existing inverse folding methods are tightly coupled to
a single structure predictor, which serves as the sole oracle for
optimization or training [1] [2] [5]. Such coupling implicitly
assumes that the selected predictor provides a sufficient and
accurate representation of RNA folding behavior. In practice,
this assumption rarely holds, especially for structures involving
pseudoknots, long-range interactions, or non-canonical base
pairs. As a result, many designed sequences exhibit strong
predictor-specific overfitting and lack robustness across folding
models.

Current methods suffer from predictor-specific overfitting.
By relying on a single oracle, these algorithms essentially
gamble on the accuracy of one specific model. There is a
critical need for a predictor-independent framework that ac-
counts for the inherent uncertainty of computational structure
prediction. Addressing this gap is critical for improving the
generalizability of RNA design methods and for enabling more
reliable deployment in experimental settings.

B. Our Approach

To bridge this gap, we propose a modular, tool-independent
Evolutionary Algorithm (EA) framework, called cFold (con-
sensus Fold). Instead of being “married” to one predictor, our
framework treats folding engines as “pluggable modules.” This
allows users to:

1) Swap engines (thermodynamic vs. ML-based) without
changing the core code;

2) Integrate a weighted penalty mechanism into the fitness
function, enabling the algorithm to handle complex,
user-defined constraints that may conflict with pure
structural stability;
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Fig. 1. Architecture of the proposed modular EA framework. Layer 1 implements a parallel island model with shared solution pool. Layer 2 handles fitness
evaluation with optional caching and local search. Layer 3 contains the pluggable folding backends (dashed border), supporting both CPU-based tools and
GPU model servers. Bidirectional arrows indicate data flow in both directions. Sequences are sent downwards to the RNA folding engine, and structures are

sent upwards to the evaluator.

3) Optimize for consensus, seeking sequences that satisfy

composition requirements (e.g., satisfying ITUPAC codes

multiple models simultaneously to improve experimental
robustness.

C. Contributions
e A Modular “Plug-and-Play” Architecture: We deliver

the first inverse folding framework that decouples EA
logic from the folding oracle. It supports a diverse
ecosystem of tools (ViennaRNA [3], MXFold2 [14]) via
a unified interface.

Granular Constraint Optimization via Weighted
Penalties: We introduce a position-wise weighting
scheme that transforms binary constraints into a con-
tinuous loss landscape. Unlike traditional methods that
strictly prune the search space, our approach allows the
optimizer to navigate partial constraint violations. This is
critical for solving over-constrained puzzles, where the al-
gorithm must balance structural fidelity against sequence

while minimizing folding energy).

o Risk Mitigation via Consensus Optimization: We
demonstrate that optimizing for the intersection of dis-
cordant predictors functions as a ‘“‘safety net.”” Instead
of merely chasing average accuracy, this strategy signifi-
cantly raises the reliability floor: it reduces the worst-case
prediction error by 17-34% (118 vs. 142/180) compared
to single-tool baselines, providing a more robust pathway
for experimental RNA design.

II. METHODS
A. Framework Overview

Our framework follows a modular design that separates
the evolutionary search logic from the structure prediction
backend. Fig 1 illustrates the overall architecture.

The core principle is decoupling: the EA handles popu-
lation management, selection, mutation, and fitness aggrega-



tion, while folding predictors are encapsulated as independent
evaluation modules. This separation ensures that adding or
replacing a predictor does not require modifications to the core
algorithm.

B. Modular Tool Integration

To achieve tool independence, we abstract the folding
predictor into a unified interface contract. Rather than hard-
coding dependencies, the framework interacts with predictors
through a standardized abstraction layer.

a) Standardized Interface: We define a generic predictor
interface that maps an RNA sequence to its secondary struc-
ture. Integrating a new tool requires only encapsulating its
logic within a wrapper class that adheres to this interface.
This design effectively decouples the evolutionary search logic
from the underlying prediction mechanics. The EA explicitly
remains oblivious to the specific tool being used, interacting
solely with the abstract wrapper.

b) Hybrid Execution Environment.: The framework sup-
ports a heterogeneous computing environment:

o Direct Execution (CPU): Lightweight tools (e.g., Vien-
naRNA) are invoked directly via system calls for minimal
latency.

o Asynchronous Inference Service (GPU): For heavy
deep learning models (MXFold2, UFold), we imple-
ment a Client-Server architecture to reduce initialization
overhead. A persistent model server performs micro-
batching—aggregating incoming sequence queries from
multiple EA workers into a single tensor. This allows for
parallel inference on the GPU, significantly increasing
throughput compared to sequential execution.

C. Fitness Evaluation

1) Single-Tool Fitness: When a single predictor is enabled,
fitness is computed as the structural distance between the
predicted and target structures:

fx)= al(Fold(x)7 Starget) (1)

where d(-,-) denotes the base-pair distance, defined as the
number of base pairs present in one structure but absent in
the other.

2) Multi-Tool Consensus Fitness: When multiple predictors
are enabled, we compute a consensus structure by taking the
intersection of the predicted base pairs across all tools. This
strict intersection policy effectively acts as a high-pass filter,
accepting only base pairs agreed upon by all tools. This filters
out model-specific errors.

Pronsensus = m Pt(x)~ (2)
teT

Here, P,(x) denotes the set of base pairs predicted by tool
t, and T represents the set of enabled tools. We enforce
a strict intersection policy ([)) rather than majority voting.
This choice is motivated by both theoretical and practical
considerations. From a theoretical perspective, majority voting
is not well-defined in a dual-predictor framework without an

TABLE I
ADAPTIVE MUTATION RATES BASED ON STRUCTURAL CONTEXT.

Rate

Correct within a perfect motif 0.5%
Correct pair in an imperfect 1%
stem

Completely mismatched region
Incorrect base pair

Situation Rationale

Preserve high-quality regions
Minor refinement

10%
25%

Encourage exploration
Targeted repair

additional tie-breaking model. From a practical perspective,
strict consensus emphasizes precision over recall, which is
preferable in wet-lab settings, where false positives incur
substantial experimental cost, while false negatives impose
only limited computational cost. The fitness function is then
defined as

f(X) = d(PconsensuSa Rarget)- 3

where Piq-4e¢ denotes the set of base pairs specified by the
target structure. This intersection-based consensus is strict: a
base pair is included only if it is predicted by all enabled tools.
Consequently, a sequence achieves zero fitness (the optimum
fitness value) only when every tool independently predicts the
target structure exactly.

3) Weighted Fitness with Constraints: To support position-
level constraints under both single-tool and consensus folding
modes, we define a unified fitness function:

> wf.

F(X) = d(SPreda Starget) + Z wfj +)\ .
i:x; @IUPAC;

Structural distance (1.7)€A

Sequence penalty

“4)

Constraint penalty

Here,

e Spred denotes the predicted structure, obtained either from
a single folding tool or from the consensus intersection
set Pronsensus 1N multi-tool mode;

o A is the set of base pairs required by the target structure
but missing in Spred;

o wj; € [0,1] is a user-defined weight that reflects the
importance of critical motifs (e.g., binding sites) even
when the consensus predictor is uncertain;

« w] penalizes violations of position-wise ITUPAC con-
straints, and A\ controls the trade-off between structural
and sequence-level penalties.

This formulation decouples constraint enforcement from the

underlying prediction logic, enabling constrained optimization
under both single-tool and consensus folding paradigms.

D. Evolutionary Operators

1) Structure-Aware Adaptive Mutation: Rather than em-
ploying a uniform mutation rate, we adapt the mutation
probability at each position according to the current mismatch
pattern, as summarized in Table 1.

For positions (i, j) constrained to form a base pair, we em-
ploy a compensatory mutation strategy: a mutation is applied
to one nucleotide, and its partner is deterministically updated
to a compatible complement to enforce a valid Watson—Crick
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Fig. 2. Distribution of EternaFold validation distances. The violin
plot reveals that while median performance is similar across methods, the
Consensus approach (green) exhibits a significantly shorter and narrower
upper tail compared to Vienna (blue) and MXFold2 (orange). This visually
confirms the reduction in high-error outliers reported in Table IV.

TABLE I
EXPERIMENTAL CONFIGURATIONS.

Configuration  Fitness Tool(s) Purpose

Vienna-only ViennaRNA Thermodynamic baseline

MXFold2-only  MXFold2 ML and thermodynamic
mixed baseline

Consensus ViennaRNA + MXFold2  Multi-tool optimization

or Wobble pair (A-U, G-C, or G-U). This strategy preserves
structural validity throughout the search process.

2) Selection and Population Management: We employ tour-
nament selection with a window size of k [19] to balance
selection pressure and population diversity. In each generation,
the following steps are performed:

1) Select parents using k-tournament selection with k = 5;

2) Generate A = 7 x p offspring through mutation;

3) Evaluate the fitness of the offspring utilizing the enabled

folding tools;

4) Select the best p individuals for the next generation

while preserving elite solutions.

3) Farallel Island Model: To prevent premature conver-
gence and exploit multi-core architectures, we employ a
parallel Island Model [19]. The population is partitioned
into distinct subpopulations that evolve independently (with
occasional migration) using the operators described above.
To share genetic information, we employ a synchronous ring
migration topology: every GG generations, the elite individual
from each island is transferred to its neighbor, replacing the
worst-performing individual in the destination island. This
mechanism balances local exploration with global exploitation.

III. EXPERIMENT

A. Experimental Setup

a) Benchmark: We evaluate our framework on the
Eternal00 benchmark [18], a collection of 100 RNA design
puzzles curated from the Eterna citizen science platform. The

TABLE 111
SOLVE RATE COMPARISON ON ETERNA100. RESULTS FOR BASELINE
METHODS ARE OBTAINED FROM [1]. OUR MODULAR FRAMEWORK (IN
BOLD) MATCHES STATE-OF-THE-ART RL METHODS WHILE SUPPORTING
ARBITRARY BACKEND PREDICTORS.

Method Category Solved Rate
RNAinverse Local search 60/100  60%
antaRNA Ant colony 58/100  58%
MCTS-RNA Tree search 57/100  57%
LEARNA Reinforcement learning 67/100 67%
Meta-LEARNA Variation of LEARNA 68/100  68%
Ours (Vienna) Modular EA (Vienna) 67/100 67%
Ours (MXFold2) Modular EA (MXFold2) 68/100 68%
Ours (Consensus) Modular EA (Both) 64/100 64 %

TABLE IV
VALIDATION RESULTS ON 63 COMMONLY SOLVED PUZZLES. CONSENSUS
OPTIMIZATION REDUCES WORST-CASE FAILURES AND OUTLIER

VARIANCE.
Metric Vienna MXFold2 Consensus
Mean distance 25.6 +31.0 28.0+£32.3 24.44 28.6
90th percentile 58.0 64.6 57.4

Maximum distance 142 180 118
Failure Rate (d > 30) 33.3% 34.9% 28.6%

puzzles range from simple hairpins (16 nucleotides) to com-
plex multi-branch structures (over 400 nucleotides), providing
a comprehensive test of inverse folding capability.

b) Experimental Configurations: To evaluate both the
flexibility of the framework and the effect of multi-tool
consensus, we consider three experimental configurations as
shown in Table II. While the Consensus configuration solves
slightly fewer puzzles (64%), this reduction is expected as it
imposes a stricter acceptance criterion, effectively filtering out
solutions that are likely expressions of a single predictor’s bias.

All configurations use identical EA parameters: population
size pu = 100, offspring count A = 700, tournament size k = 5,
and a maximum of 200 generations with early stopping (a
patience of 20 generations).

¢) Independent Validation: To assess whether solutions
generalize beyond the training predictor(s), we validate all
solved sequences using EternaFold [17]. Crucially, EternaFold
is not used during optimization—it serves purely as an inde-
pendent oracle.

B. Solve Rate Comparison

Table III compares our framework with established base-
lines. Our framework achieves a solve rate of 67% with Vien-
naRNA and 68% with MXFold2, matching the performance
of LEARNA and Meta-LEARNA.

C. Cross-Validation Analysis

To investigate whether consensus optimization yields more
robust solutions, we analyze the 63 puzzles solved by all three
configurations.
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Fig. 3. Paired validation comparison against independent oracle (EternaFold). Each point represents one puzzle; points below y = z indicate improved
accuracy under Consensus. The “Safety Net Zone” (bottom-right) highlights catastrophic single-tool failures (d > 30 bp) successfully rescued by the consensus

strategy (green stars).
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Fig. 4. Analysis of extreme failures and solution robustness. (Left) Puzzle counts exceeding various error thresholds; Consensus (green) suppresses extreme
outliers. (Right) CDF of validation distances confirms systematically lower failure risk under Consensus optimization.

1) Definition of Extreme Failure: In experimental RNA
design, small structural deviations are often tolerable, but
large-scale misfolding renders sequences non-functional. We
formally define an “extreme failure” as a solution whose val-
idation distance exceeds a threshold of d > 30, corresponding
to approximately 30% structural deviation for a typical 100-
nucleotide target—a level at which the designed sequence is
unlikely to be functionally viable. This threshold represents
a catastrophic structural divergence where the predicted fold
bears little functional resemblance to the target.

2) Quantitative Comparison: Table IV summarizes the
validation metrics. While the consensus approach shows a
modest improvement in mean distance, it significantly reduces
the maximum error and the variance of the predictions.

3) Distribution of Validation Errors: To visualize the distri-
bution of these errors, Fig. 2 presents the EternaFold validation
distances.

D. Computational Analysis

The Consensus configuration (green) exhibits a much
shorter upper tail compared to the single-tool baselines. This
suggests that while Consensus optimization may not always
find the absolute global minimum for every puzzle, it effec-
tively suppresses the generation of high-risk sequences.

1) Paired Robustness Analysis: To understand individual
puzzle performance, Fig. 3 presents a paired comparison
between Consensus and single-tool baselines.
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‘While Consensus optimization increases runtime linearly with the number of tools, the scaling behavior remains polynomial, ensuring scalability for typical

RNA design tasks.

For the majority of “easy” puzzles (gray points near the ori-
gin), the Consensus approach performs comparably to single-
tool baselines, indicating that the strict intersection constraint
does not hinder performance on well-behaved targets. The
primary advantage emerges in the “Safety Net Zone” (green
shaded region).

In this region, a cluster of “rescued” solutions (marked
as stars) is observed, where baseline predictors produced
catastrophic failures (distances > 100 bp), while the Consen-
sus strategy maintained functional structures (distances < 30
bp). Quantitative analysis (top-left inset) confirms this robust
behavior: instances of significant improvement (A > 20 bp)
outnumber instances of degradation by approximately 2:1
against ViennaRNA and nearly 3:1 against MXFold2.

Although the strict consensus logic occasionally rejects a
valid structure (visible as rare red outliers in the top-left), the
average error reduction (2.6 bp and +5.0 bp) demonstrates
that the proposed framework effectively suppresses high-risk
prediction artifacts, acting as a reliable safeguard for experi-
mental design.

2) Analysis of Extreme Failures: We further quantify this
robustness benefit in Fig 4. The bar chart (left) explicitly
counts the number of failures at various thresholds.

Consensus optimization reduces the number of extreme
failures (d > 30) by approximately 15-20% compared to
single-tool baselines. The Cumulative Distribution Function
(CDF) on the right confirms this stochastic dominance: the
Consensus curve (green) saturates earlier than its counterparts,
indicating a systematically lower probability of encountering
large validation errors.

While Consensus optimization improves robustness, it in-
curs a computational cost. Fig 5 illustrates the relationship
between sequence length and wall-clock time.

As expected, the Consensus strategy requires more time per
generation. However, thanks to the parallel architecture and
efficient GPU batching for MXFold2, the computational cost
remains comparable to that of the standalone deep learning
baseline, representing a justifiable trade-off for the significant

reduction in experimental failure risk.

E. Discussion

Several factors may account for the limited statistical sig-
nificance in the mean distance comparison:

o Correlated errors: ViennaRNA [3] and MXFold2 [14]
may exhibit similar biases, as MXFold?2 is partly trained
on thermodynamic data, reducing the orthogonality re-
quired for effective consensus;

« Stricter constraints: The consensus criterion acts as a
strict filter, which may exclude valid solutions that are
correctly identified by only one predictor;

o Sample size: The paired evaluation set (N = 63) may
lack sufficient statistical power to detect small effect
sizes.

Despite the lack of statistically significant improvement in
the mean performance, consensus optimization consistently
reduces the worst-case risk, offering superior stability:

e Reduced Maximum Error: The worst-case prediction
distance dropped to 118, representing a 17-34% reduction
compared to single-tool baselines (142 and 180).

o Lower Extreme Failure Rate: The frequency of catas-
trophic failures (d > 30) decreased to 28.6%, compared
to 33.3% and 34.9% for individual tools.

o Lower Standard Deviation: The standard deviation of
prediction distances was reduced (28.6 vs. 31.0/32.3),
indicating more consistent performance across diverse
puzzles.

For applications where reliability is paramount—such as
selecting candidates for costly wet-lab synthesis—consensus
optimization provides a “safety net” that effectively filters out
the most egregious prediction artifacts.

IV. CONCLUSION

In this work, we presented a modular Evolutionary Al-
gorithm framework that effectively decouples optimization
logic from the underlying folding oracle. Our results on the
Eternal00 benchmark demonstrate that this predictor-agnostic



approach is highly competitive: when paired with state-of-the-
art predictors, the framework achieves a solve rate of 68%,
matching the performance of specialized Deep Reinforcement
Learning methods (e.g., LEARNA). This confirms that generic
evolutionary search, when properly engineered, remains a top-
tier strategy for solving complex RNA inverse folding puzzles.

Beyond standard benchmarking, our investigation into con-
sensus optimization highlights a critical trade-off between
average accuracy and worst-case robustness. While combining
thermodynamic and deep learning predictors does not guaran-
tee higher mean accuracy due to potential correlated errors,
it functions as a vital structural “safety net.” By optimizing
for the intersection of discordant models, the framework ef-
fectively filters out predictor-specific artifacts and significantly
reduces the occurrence of catastrophic misfolding. This strat-
egy shifts the paradigm from gambling on a single algorithm’s
bias to generating robust candidates that are more likely to
survive the gap between in silico prediction and in vitro reality.

Finally, the framework’s architecture offers lasting utility to
the RNA design community. Its “plug-and-play” design acts
as a universal adapter, ensuring that the tool remains future-
proof as new, more accurate structure predictors emerge.
Complementing this flexibility is our introduction of granular,
nucleotide-level constraint control, which transforms rigid bi-
nary constraints into a continuous optimization landscape. This
capability allows researchers to precisely enforce sequence
motifs (e.g., for binding sites or synthesis requirements) with-
out sacrificing structural stability, making the framework a
versatile tool for diverse synthetic biology applications.

Future work will focus on two key directions. First, we aim
to expand the consensus mechanism by incorporating a more
diverse set of orthogonal predictors to reduce correlated biases.
Second, and most importantly, we plan to move from com-
putational benchmarking to wet-lab validation, synthesizing
the designed sequences to verify whether the computational
robustness observed in silico translates to physical stability in
vitro.
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