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Abstract

RNA’s conformational flexibility enables di-
verse biological functions but makes structure-
guided design difficult. Although precise
control of 3D structure is essential, existing
methods often overlook the molecular sur-
face, which critically shapes intermolecular
interactions and functional outcomes. To ad-
dress this, we propose gRFold, a multimodal
framework that incorporates molecular sur-
face information as a core design constraint.
gRFold employs two geometric encoders: a
Frame-Averaged Geometric Surface Encoder
(FA-GSE) to learn E(3)-invariant surface fea-
tures, and an Equivariant Backbone Graph Per-
ceptron (EBGP) to capture backbone topol-
ogy. The structural representations are inte-
grated via hierarchical cross-attention to guide
autoregressive generation; at inference, can-
didates are re-ranked by agreement between
their predicted folds and the target base-pairing
pattern. Across three RNA inverse-folding
benchmarks covering RNA–protein complexes,
monomeric RNAs and independently curated
RNA-Puzzles targets, gRFold achieves strong
sequence recovery and structural fidelity un-
der both secondary-structure and 3D refolding
evaluations, and ablations show that the surface
and backbone branches contribute complemen-
tary gains. These results highlight the poten-
tial of surface-aware geometric modeling for
structure-guided RNA design.

1 Introduction

As a molecule with the dual roles of carrying ge-
netic information and executing biological func-
tions, RNA exhibits immense potential in fields
such as gene expression regulation, biocatalysis,
and drug development (Isaacs et al., 2006; Yessel-
man et al., 2019). However, unlike proteins, RNA
lacks a stable tertiary core and thus exhibits high
conformational flexibility (Shen et al., 2024; Wong

*These authors are co-first authors.

et al., 2024). This flexibility enables RNA to adopt
diverse spatial structures to perform complex func-
tions, but it also poses significant challenges for pre-
cise, structure-guided design (Nori and Jin, 2024;
Huang et al., 2024). Since RNA function is strongly
linked to molecular conformation, improving struc-
tural control is an important objective for structure-
guided RNA design (Wong et al., 2024).

Traditional RNA design methods, from early
secondary-structure inverse folding (Runge et al.,
2018; Zhou et al., 2023; Runge et al., 2024) to mod-
els incorporating 3D backbone topology (Huang
et al., 2024; Joshi et al., 2025), largely overlook the
molecular surface, a key determinant of RNA func-
tion (Song et al., 2024). RNA interactions with pro-
teins (Corley et al., 2020), small molecules (Huang
et al., 2024), and other nucleic acids (Song et al.,
2024) are influenced by surface geometry and
chemical properties such as charge distribution and
hydrogen-bonding sites. As a result, even RNAs
with plausible backbone folds may still present
suboptimal interaction interfaces if critical surface
sites are not properly represented (Tan et al., 2024;
Huang et al., 2024).

To fill this gap, we propose gRFold, which incor-
porates molecular surface information as a design
constraint alongside secondary structure and back-
bone topology (Zhou et al., 2023; Runge et al.,
2024; Huang et al., 2024; Song et al., 2024). As
shown in Figure 1, gRFold combines a rotation-
invariant surface encoder, an equivariant backbone
graph encoder, hierarchical cross-attention fusion,
and a 24-layer autoregressive decoder. Across
three RNA inverse-folding benchmarks, gRFold im-
proves sequence recovery and computational struc-
tural fidelity over the compared inverse-folding
methods, supporting molecular surface constraints
as a useful component for computational RNA de-
sign.

Our contributions are summarized as follows: (1)
We establish molecular surface geometry as a com-
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putational design constraint for RNA inverse fold-
ing, addressing a key limitation of traditional meth-
ods. (2) We propose FA-GSE for E(3)-invariant sur-
face encoding and EBGP for equivariant backbone
representation learning. (3) We design a hierarchi-
cal cross-attention mechanism to effectively fuse
secondary structure, backbone, and surface infor-
mation. (4) Extensive benchmarking demonstrates
the strong computational structural performance of
gRFold across three RNA inverse-folding bench-
marks.

2 Related Works

RNA structure prediction and design have evolved
from energy-based secondary-structure prediction
relying on minimum free energy principles (Dirks
et al., 2007; Lorenz et al., 2011; Zuker, 2003) to
deep learning approaches for RNA inverse fold-
ing (Morandi et al., 2022; Magnus et al., 2016; Sato
et al., 2021; Fu et al., 2022; Singh et al., 2019; Shen
et al., 2024). While accuracy and diversity have
improved, existing methods often neglect surface
information, which has been reported to improve
molecular interaction modeling and computational
molecular design in the protein setting using mesh
or point-cloud representations (Gainza et al., 2020;
Sverrisson et al., 2021; Song et al., 2024). Surface
information thus remains underutilized in RNA de-
sign, where methodologies predominantly focus on
secondary structures (Liu et al., 2024); this study in-
tegrates surface-level features into the RNA design
framework to improve structural representation. A
fuller discussion is given in Appendix A.

3 Methodology: gRFold

3.1 Overview and Problem Formulation
As illustrated in Figure 1, gRFold formulates RNA
inverse folding as conditional sequence generation
driven by three complementary views of the target
molecule: a target secondary structure written as a
dot-bracket string X = (x1, . . . , xN ); a molecular-
surface point cloud C ∈ RM×3 extracted from the
tertiary structure, which describes the interaction
interface; and a coarse-grained backbone tensor
S ∈ RN×3×3, which describes the global fold scaf-
fold. Given the condition triplet C = (X,C, S),
the goal is to generate a nucleotide sequence Y =
(y1, . . . , yN ) with yi ∈ {A,U,G,C} that is si-
multaneously compatible with the prescribed base-
pairing pattern, backbone topology, and surface
geometry:

Module Configuration Output

FA-GSE (Surface Enc.) 4× EGCL + FAMHA M × 1024

EBGP (Structure Enc.) 3× GVP + message pass. N × 512

Fusion 2× cross-attn. block N × dmodel

Decoder 24× masked Transformer N × 4

Table 1: Configuration of the gRFold components,
where M = 512 is the number of surface points and N
is the number of residues. Module names in parentheses
correspond to the blocks of Figure 1.

pθ(Y | C) =

N∏

i=1

pθ
(
yi | y<i, C

)
(1)

The framework comprises four components
shown in Figure 1: a Frame-Averaged Geomet-
ric Surface Encoder (FA-GSE, Sec. 3.2) mapping
the surface point cloud to an E(3)-invariant em-
bedding Hsurf ; an Equivariant Backbone Graph
Perceptron (EBGP, Sec. 3.3) mapping the back-
bone graph to an orientation-invariant embedding
Hbackbone; a 24-layer autoregressive Transformer
decoder (Sec. 3.5) for nucleotide generation; and hi-
erarchical cross-attention (Sec. 3.4) to integrate the
structural representations. Maximum-likelihood
training is complemented at inference by structure-
aware sampling and re-ranking (Sec. 3.6). We write
[ · ; · ] for concatenation, LN(·) for layer normalisa-
tion, XA(Q,K, V ) for multi-head cross-attention,
and PW(·) for the position-wise residual sub-layer
closing each fusion block. Table 1 summarises the
components.

3.2 Molecular Surface Encoding

The geometric properties of an RNA molecule are
largely reflected by the shape and chemistry of its
molecular surface. We therefore first convert the
raw atomic model into a compact point cloud, and
then encode this point cloud into a representation
that is insensitive to the arbitrary pose in which the
structure was deposited.

3.2.1 Surface Extraction and Downsampling
We follow the approach of SurfPro (Song et al.,
2024) to encode biomolecular surfaces. Atomic
types and coordinates are obtained from PDB
files (Berman et al., 2000), and the molecular sur-
face is computed using MSMS as a dense point
cloud, which is denoised via Gaussian kernel
smoothing. Because the raw surface is highly
redundant, we adopt the octree-based downsam-
pling strategy of SurfPro: the 3D space is recur-
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Figure 1: gRFold architecture: FA-GSE employs four equivariant graph-convolution layers followed by frame-
averaged multi-head attention to yield a rotation-invariant surface embedding (d = 1024), while EBGP stacks three
GVP layers with message passing to obtain the backbone embedding (d = 512). Secondary-structure representations
are integrated with the surface and backbone embeddings through hierarchical cross-attention to guide autoregressive
nucleotide generation. The blocks labelled Surface Encoder, Structure Encoder and Auto-regressive RNA Decoder
correspond to Sec. 3.2, Sec. 3.3 and Sec. 3.5, and the tensor shapes match Table 1.

sively partitioned, sparse regions are collapsed into
leaf nodes, and points are sampled from these
leaf nodes. This yields a compressed, resolution-
balanced representation C = [x1, . . . , xM ]⊤ ∈
RM×3 with M = 512 points, keeping the encoder
footprint independent of molecule size. Each re-
tained point carries a low-dimensional scalar an-
notation inherited from its nearest atom, which
initialises the node features of the surface encoder
in Figure 1.

3.2.2 Frame-Averaged Geometric Surface
Encoder (FA-GSE)

FA-GSE encodes the surface in two stages: local
perspective modeling, which propagates geomet-
ric information within local neighbourhoods, and
global frame averaging, which removes the depen-
dence of the final descriptor on the orientation and
the position of the molecule.
Local Perspective Modeling. This stage utilises
a stack of Ll = 4 EGCL (Satorras et al., 2021)
to iteratively update node features based on local
neighbourhood information. For each point xi we
identify its K = 16 nearest neighbours, denoted by
the set N (xi), and in every layer l ∈ {0, . . . , Ll −
1} a message from a neighbour j to a central node
i is computed by combining the two feature vectors
with their geometric relationship:

m′
ij = ϕe

(
[hli; h

l
j ; ∥xi − xj∥2 ]

)
(2)

Here hli ∈ Rdh is the feature vector of node i
at layer l and ∥xi − xj∥2 is the squared Euclidean
distance (Sherali and Tuncbilek, 1992), while ϕe

is a Multi-Layer Perceptron with a SiLU activa-
tion function. Because the coordinates enter only
through pairwise distances, the messages are unaf-
fected by rigid motions of the point cloud.

The messages are then re-weighted by a learned
distribution over the neighbourhood, so that ge-
ometrically salient neighbours contribute more
strongly to the update than flat or noisy surface
patches:

zlij = W l
s m

′
ij + bls,

αl
ij =

exp
(
zlij

)
∑

k∈N (xi)
exp

(
zlik

) ,

ml+1
ij = αl

ij m
′
ij

(3)

where W l
s and bls are learnable parameters of the

attention mechanism in layer l. The feature vector
of each node is then refined by aggregating the
incoming messages and applying a gated residual
rule:
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cl+1
i =

∑

j∈N (xi)

ml+1
ij ,

hl+1
i = hli + ϕh

(
cl+1
i

) (4)

where ϕh(c) = sigmoid(c) ⊙ c is a gated non-
linearity that controls the information flow. The
output of this stage is a set of locally aware point
features HLl = [hLl

1 , . . . , hLl
M ]⊤.

Global Frame Averaging. To make the final sur-
face representation insensitive to rigid transforma-
tions, we employ a frame-averaging technique. We
first apply Principal Component Analysis (PCA) to
the coordinates C in order to define a canonical lo-
cal coordinate system, given by the three principal
component vectors {v1, v2, v3} together with the
centroid t of the point cloud, and we then generate
a set of 8 frames by enumerating all sign patterns
of the basis vectors, so that reflections are covered
as well:

Rα = [α1v1, α2v2, α3v3 ],

F(C) =
{
(Rα, t) : α ∈ {−1,+1}3

} (5)

For a frame g = (Rα, t) ∈ F(C), mapping the
point cloud into the canonical coordinate system
amounts to a centring followed by a change of
basis:

g−1 ·C =
(
C − 1 t⊤

)
Rα (6)

The final surface embedding is then obtained
by concatenating the transformed coordinates with
the learned local features, processing them with an
attention layer, and averaging the outputs over the
whole frame set:

Zg = FAMHA
(
[HLl ; g−1 ·C ]

)
,

Hsurf =
1

|F(C)|
∑

g∈F(C)

Zg
(7)

FAMHA (Frame-Averaged Multi-Head Atten-
tion) is a Transformer layer (Vaswani et al., 2017)
over the concatenated local features and canoni-
calised coordinates; because the average is taken
over the complete frame set, the descriptor is de-
signed to be invariant to rotations, reflections and
translations. This yields Hsurf ∈ RM×dsurf with
dsurf = 1024, which captures the intrinsic geome-
try of the RNA surface while retaining expressive
power over local shape.

3.3 Backbone Structure Encoding

While the molecular surface defines where interac-
tions take place, the three-dimensional backbone
positions these interfaces in space and dictates the
overall fold. We therefore introduce a graph-based
encoder built on E(3) equivariance, which learns
structural features independent of the absolute po-
sition and orientation of the molecule.

3.3.1 Backbone Graph Construction

To construct a computationally efficient yet struc-
turally faithful representation of the RNA back-
bone, we select the 3D coordinates of three key
atoms from each nucleotide residue: the phospho-
rus atom (P), and the C1’ and C3’ carbon atoms of
the ribose sugar. This trio of atoms characterises
the local geometry and the chain progression of the
backbone, so that for an RNA molecule comprising
N residues the backbone structure is represented
as a coordinate tensor S ∈ RN×3×3.

Based on these coordinates we construct a graph
G = (V, E), in which each node i ∈ V corre-
sponds to a single residue. The connectivity is
established using a K-Nearest Neighbours algo-
rithm: for each residue i we identify its k clos-
est neighbours by computing the Euclidean dis-
tances between its phosphorus atom and those of
all other residues, with the number of neighbours
set to k = 30. Every edge (i, j) ∈ E carries a
feature eij that summarises the relative geometry
of the two residues, so that both spatial proximity
and chain context are available to the network.

3.3.2 Equivariant Backbone Graph
Perceptron (EBGP)

The Equivariant Backbone Graph Perceptron
(EBGP) stacks Lg = 3 Geometric Vector Percep-
tron (GVP) (Jing et al., 2020) layers, which model
scalar and vector features in an equivariant manner.
Each node i is initialised with h

(0)
i = (s

(0)
i , v

(0)
i ),

where the vector part derives from intra-residue
atomic coordinates relative to their centroid and
the scalar part encodes local geometric descriptors.
EBGP then refines these features through three op-
erations per layer l.
Message Construction. For each node i, messages
are gathered from its neighbourhood N (i): a GVP
module gmsg non-linearly combines the features of
a neighbour j with the corresponding edge feature,
and the messages are aggregated by summation
into a single permutation-invariant update:
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h
(l)
j→i = gmsg

(
[h

(l)
j ; eij ]

)
,

h̄
(l)
i =

∑

j∈N (i)

h
(l)
j→i

(8)

Equivariant Update. The aggregated message up-
dates the node feature tuple through a second GVP
module gupdate, followed by a residual connection
and layer normalisation, where the normalisation is
applied separately to the scalar and the vector chan-
nels so as to preserve their distinct transformation
behaviour:

h
(l+1)′
i = LN

(
h
(l)
i + gupdate

(
h̄
(l)
i

))
(9)

Feed-Forward Network. To further enhance
the representational power of the model, the up-
dated features are passed through a node-wise feed-
forward network, which is also implemented as a
GVP module gffn and is embedded in a residual
block with dropout for regularisation:

u
(l)
i = Dropout

(
gffn

(
h
(l+1)′
i

))
,

h
(l+1)
i = LN

(
h
(l+1)′
i + u

(l)
i

) (10)

After the final layer Lg, the scalar compo-
nent is extracted from each node tuple h

(Lg)
i =

(s
(Lg)
i , v

(Lg)
i ) and the scalars are stacked over

residues, which yields an orientation-invariant de-
scription of the local and global structural environ-
ment of every nucleotide:

Hbackbone = EBGP(S,G)
=

[
s
(Lg)
1 , . . . , s

(Lg)
N

]⊤
,

Hbackbone ∈ RN×dbackbone

(11)

The dimensionality of this embedding is set to
dbackbone = 512, which provides a concise struc-
tural representation for the subsequent stages of
our model.

3.4 Hierarchical Multimodal Fusion
The decoder must reconcile three heterogeneous
signals: a discrete secondary-structure string, an
unordered surface point set of length M , and a
residue-indexed backbone representation of length
N . Hierarchical cross-attention integrates these
representations, progressively from the local inter-
action interface to the global scaffold.

Secondary Structure Embedding. The input dot-
bracket sequence X is encoded into a secondary-
structure representation Hsec ∈ RN×dmodel , where
N is the sequence length and dmodel is the decoder
hidden dimension. This representation is used for
subsequent integration with geometric features.
Stage 1: Structure-to-Surface Attention. The
secondary-structure representation attends to the
surface features, allowing the model to learn asso-
ciations between sequence positions and surface
patches. The result is merged through a residual
connection and layer normalisation, followed by
the position-wise sub-layer PW(·) of the fusion
block in Figure 1:

A(1) = XA(Hsec, Hsurf , Hsurf),

H̃(1) = LN(Hsec +A(1)),

H(1) = PW(H̃(1)).

(12)

Stage 2: Surface-to-Backbone Attention. The re-
sulting surface-aware representation then attends to
the backbone features, which anchors the interface
information onto the global backbone scaffold:

A(2) = XA(H(1), Hbackbone, Hbackbone),

H̃(2) = LN(H(1) +A(2)),

Hfinal = PW(H̃(2)).

(13)

Arranging the two stages in this order lets fine-
grained interface cues be resolved before they are
placed in the global structural context, and the
contribution of each stream is reported by the
ablation rows in Table 2. The resulting tensor
Hfinal ∈ RN×dmodel integrates all three modalities
to guide autoregressive nucleotide generation.

3.5 Autoregressive Decoding and Training
The autoregressive Transformer decoder has Ld =
24 layers (Vaswani et al., 2017) and uses the fused
structural representation to guide nucleotide gen-
eration. The output states are projected by a linear
head onto the four nucleotides (N × 4), as drawn
in Figure 1. At each step i, the prediction is condi-
tioned on y<i and the complete structural condition
C, and the model is trained end-to-end on paired
structure–sequence data by minimising the nega-
tive log-likelihood:

LMLE(θ) = −
N∑

i=1

log pθ
(
yi | y<i, C

)
(14)
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Algorithm 1 gRFold: geometric encoding, hierar-
chical fusion and structure-aware re-ranking
Require: Atomic model A; dot-bracket target X; sample

size n
Ensure: Designed RNA sequence Ybest

1: // Surface preprocessing
2: P ← GaussianSmooth(MSMS(A))
3: C ← OctreeDownsample(P,M)
4: // FA-GSE: local perspective modeling
5: Build K-NN graph on C; init {h0

i }Mi=1

6: for l = 0 to Ll − 1 do
7: m′

ij ← ϕe([h
l
i;h

l
j ; ∥xi − xj∥2])

8: cl+1
i ←∑

j α
l
ijm

′
ij

9: hl+1
i ← hl

i + ϕh(c
l+1
i )

10: end for
11: // FA-GSE: global frame averaging
12: {v1, v2, v3}, t← PCA(C); form F(C)
13: Hsurf ← 1

|F(C)|
∑

g FAMHA([HLl ; g−1C])

14: // EBGP: backbone encoding
15: S ← Extract(A); G ← KNNGraph(S, k)

16: Init h(0)
i ← (s

(0)
i , v

(0)
i )

17: for l = 0 to Lg − 1 do
18: h̄

(l)
i ←

∑
j gmsg([h

(l)
j ; eij ])

19: h′
i ← LN(h

(l)
i + gupdate(h̄

(l)
i ))

20: h
(l+1)
i ← LN(h′

i + gffn(h
′
i))

21: end for
22: Hbackbone ← [s

(Lg)
1 , . . . , s

(Lg)

N ]⊤

23: // Hierarchical multimodal fusion
24: Hsec ← EncodeSecondaryStructure(X)

25: H̃(1) ← LN
(
Hsec +XA(Hsec, Hsurf , Hsurf)

)

26: H(1) ← PW(H̃(1))

27: H̃(2) ← LN
(
H(1) +

XA(H(1), Hbackbone, Hbackbone)
)

28: Hfinal ← PW(H̃(2))
29: // Sampling and re-ranking
30: sbest ← −∞
31: for t = 1 to n do
32: Ŷ ← NucleusSample(pθ(· | Hfinal))

33: s← F1(X,RNAfold(Ŷ ))
34: if s > sbest then
35: sbest ← s; Ybest ← Ŷ
36: end if
37: end for
38: return Ybest

Here θ collects the parameters of the two geomet-
ric encoders, the fusion module and the decoder,
optimised jointly. Since Hsurf and Hbackbone are
both designed to be invariant to rigid transforma-
tions of the input structure, the induced conditional
distribution is expected to satisfy

pθ
(
Y | g · C

)
= pθ

(
Y | C

)
, g ∈ E(3) (15)

so that it is designed to be insensitive to ro-
tated, reflected or translated copies of the same
target, removing the need for pose augmentation.
In terms of cost, the surface branch scales as
O(LlMKdh) plus a constant factor |F(C)| = 8

for frame-averaged attention, the backbone branch
as O(LgNk), and the decoder retains the usual
quadratic dependence on length; since M is fixed
by the octree downsampling, the geometric en-
coders add only bounded overhead.

3.6 Inference: Sampling with
Structure-Aware Re-ranking

Because sequence-to-structure mapping is many-to-
one, a greedy decode may miss the target topology.
We therefore draw n = 50 candidates Yn by nu-
cleus sampling (Holtzman et al., 2019), fold each
with RNAfold (Lorenz et al., 2011), and score its
base-pair agreement with the target. With P(·) de-
noting the base-pair set of a dot-bracket string, the
score and selected design are

F1
(
X, X̂

)
=

2
∣∣P(X) ∩ P(X̂)

∣∣
∣∣P(X)

∣∣+
∣∣P(X̂)

∣∣ ,

Ybest = argmax
Ŷ ∈Yn

F1
(
X, RNAfold(Ŷ )

)

(16)
Re-ranking provides a thermodynamic quality-

control filter, with the n independent folding calls
treated as lightweight post-processing. Algorithm 1
summarises the complete pipeline.

4 Experiments and Analysis

We evaluate gRFold on held-out RNAsolo and
RNA-Puzzles test sets and ablate both geometric
components to quantify their individual contribu-
tions to performance.

4.1 Experiment Settings
Implementation Details All models are imple-
mented with PyTorch (Paszke et al., 2019) on eight
NVIDIA A100-80G GPUs. Training is orches-
trated using the AdamW optimizer (Loshchilov
and Hutter, 2017) with decoupled weight decay
(λ = 0.01). We employ a Linear Warmup with Co-
sine Annealing Learning Rate Schedule (Vaswani
et al., 2017). Batch size of 16 is utilized. The to-
tal duration for pre-training and fine-tuning is six
weeks. During inference, a temperature of 1.0, a
top-k value of 800, and a top-p value of 0.7 are set
for stochastic decoding.
Datasets We first pre-train the model on RNA
sequences from RNAcentral (rna, 2019). For
supervised training and subsequent fine-tuning,
we use the RNAsolo dataset (Adamczyk et al.,
2022); after preprocessing and quality filtering,
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Secondary structure-based inverse folding Tertiary structure-based inverse folding

Methods Recovery RhoFold Boltz-2 Methods Recovery F1 ↑ RhoFold Boltz-2
(%) RMSD ↓ TM ↑ RMSD ↓ TM ↑ (%) RNAfold BPfold RMSD ↓ TM ↑ RMSD ↓ TM ↑

RNASOLO RBP-COMPLEX BENCHMARK

MCTS-RNA 28.604 3.497 0.203 3.119 0.281 gRNAde 40.240 0.479 0.525 3.092 0.299 3.267 0.268
RNAinverse 23.888 3.362 0.190 2.681 0.251 RDesign 40.317 0.146 0.172 3.407 0.213 3.386 0.219
SAMFEO(ned) 30.744 3.522 0.215 3.182 0.271 RiboDiffusion 36.851 0.460 0.507 3.333 0.242 3.002 0.303
SAMFEO(pd) 30.265 3.456 0.216 3.195 0.268

w/o backbone 41.013 3.490 0.232 3.301 0.273 w/o backbone 41.013 0.337 0.373 3.490 0.232 3.301 0.273
w/o surface 49.175 3.401 0.255 3.073 0.293 w/o surface 49.175 0.464 0.491 3.401 0.255 3.073 0.293
gRFold (Ours) 49.650 3.031 0.297 2.700 0.336 gRFold (Ours) 49.650 0.497 0.525 3.031 0.297 2.700 0.336

RNASOLO MONOMERIC BENCHMARK

MCTS-RNA 27.828 3.452 0.221 3.165 0.281 gRNAde 33.729 0.378 0.380 3.364 0.222 2.962 0.311
RNAinverse 23.478 3.188 0.207 2.437 0.258 RDesign 36.949 0.187 0.208 3.657 0.183 3.117 0.262
SAMFEO(ned) 30.754 3.552 0.216 3.230 0.283 RiboDiffusion 34.948 0.432 0.500 3.551 0.219 3.034 0.285
SAMFEO(pd) 29.975 3.500 0.222 3.237 0.276

w/o backbone 42.306 3.632 0.218 3.461 0.254 w/o backbone 42.306 0.355 0.373 3.632 0.218 3.461 0.254
w/o surface 50.726 3.568 0.236 3.175 0.283 w/o surface 50.726 0.451 0.440 3.568 0.236 3.175 0.283
gRFold (Ours) 51.671 3.165 0.277 2.789 0.323 gRFold (Ours) 51.671 0.486 0.485 3.165 0.277 2.789 0.323

RNA PUZZLES BENCHMARK

MCTS-RNA 27.045 4.283 0.226 3.887 0.315 gRNAde 34.314 0.320 0.302 4.018 0.247 3.870 0.301
RNAinverse 24.415 3.883 0.213 2.810 0.256 RDesign 37.333 0.020 0.023 4.710 0.155 3.703 0.260
SAMFEO(ned) 36.690 4.299 0.254 3.865 0.330 RiboDiffusion 37.211 0.457 0.497 4.361 0.225 3.781 0.297
SAMFEO(pd) 32.858 4.257 0.248 3.922 0.304

w/o backbone 40.090 4.651 0.197 3.968 0.269 w/o backbone 40.090 0.415 0.396 4.651 0.197 3.968 0.269
w/o surface 44.725 3.841 0.308 3.358 0.355 w/o surface 44.725 0.626 0.580 3.841 0.308 3.358 0.355
gRFold (Ours) 45.004 3.820 0.310 3.332 0.370 gRFold (Ours) 45.004 0.626 0.580 3.820 0.310 3.332 0.370

Table 2: Comparison with secondary- and tertiary-structure inverse folding methods across three RNA benchmarks.
We report sequence recovery, secondary-structure F1 from RNAfold and BPfold, and 3D fidelity after refolding with
RhoFold and Boltz-2. RMSD (Å) and TM-score (reported as TM in the table) are computed against native structures,
while ablation rows (w/o surface/backbone) assess geometric contributions. Best values are bold; second-best values
are underlined to support a consistent cross-dataset comparison.

the training split contains 13,769 RNA sequence–
tertiary-structure pairs. We evaluate the resulting
model on three held-out benchmarks: the RNAsolo
RBP-Complex Benchmark (283 sequences), the
RNAsolo Monomeric Benchmark (278 sequences),
and the RNA Puzzles Benchmark (21 sequences).
These benchmarks cover RNA–protein complexes,
monomeric RNA structures, and independently cu-
rated RNA puzzle targets, respectively, probing
both an interface-driven regime, where surface ge-
ometry is expected to be informative, and a free-
standing structural-design regime.

Evaluation For sequence-level evaluation, we re-
port Recovery Rate. For secondary-structure con-
sistency, we report the F1 score after refolding the
designed sequence with RNAfold (Lorenz et al.,
2011) and BPfold. For 3D structural fidelity, we re-
port RMSD and TM-score against the native struc-
ture after refolding with RhoFold and Boltz-2. Re-
porting two independent predictors at each struc-
tural level guards against an apparent improvement
being an artefact of a single evaluation tool.

Baselines We compare gRFold with four
secondary-structure inverse folding baselines:
MCTS-RNA (Yang et al., 2017), RNAin-
verse (Lorenz et al., 2011), and two variants
of SAMFEO, SAMFEO(ned) and SAM-
FEO(pd) (Zhou et al., 2023). For tertiary-structure
inverse folding, we include gRNAde (Joshi et al.,
2025), RDesign (Tan et al., 2024), and RiboDiffu-
sion (Huang et al., 2024). We additionally report
two ablations of our own model: w/o backbone
removes the EBGP branch and therefore the term
A(2), while w/o surface removes the FA-GSE
branch and therefore the term A(1), which isolates
the individual contribution of each geometric
modality.

4.2 Results and Analysis

4.2.1 Main Results
Overall Structural Performance. Across all three
benchmarks, gRFold achieves the highest sequence
recovery among all compared methods, reaching
49.65%, 51.67%, and 45.00% on the RNAsolo
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Figure 2: Performance scaling analysis of gRFold versus baselines across different RNA sequence lengths (Short:
<80 nt, Med.: 80–200 nt, Long: >200 nt). Subplots report (a) Recovery, (b) Secondary Structure F1 evaluated
by RNAfold, (c) RMSD and (d) TM-score evaluated by Boltz-2. Methods are color-coded as: gRFold (pink),
gRNAde (blue), RiboDiffusion (purple), and RDesign (green).
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RMSD: 2.75Å
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Figure 3: Structural alignment of ground-truth RNA structures with Boltz-2 predictions generated from sequences
designed by gRFold and baseline methods across three benchmarks. Ground-truth structures are shown in gray,
predictions are colored by method, and each panel reports recovery, RMSD, and TM-score; gRFold generally
achieves higher TM-scores, lower RMSDs, and stronger recovery.

RBP-Complex, RNAsolo Monomeric, and RNA
Puzzles benchmarks (Table 2). It also preserves
the target structural constraints more accurately,
obtaining the best or near-best secondary-structure
F1 under both RNAfold and BPfold while gener-
ally achieving lower RMSD and higher TM-scores
than the compared tertiary-structure baselines un-
der RhoFold and Boltz-2. The improvement is
clearest on RNA Puzzles, where gRFold reaches
RNAfold and BPfold F1 scores of 0.626 and 0.580
and a Boltz-2 TM-score of 0.370. The agreement
between the secondary- and tertiary-structure eval-
uations indicates that the gains are not limited to
sequence similarity or a single evaluation tool. One
pattern deserves comment: RNAinverse attains the
lowest Boltz-2 RMSD on all three benchmarks
(2.681, 2.437, and 2.810 Å) while holding the
lowest or near-lowest TM-scores and recoveries
below 25%. RMSD alone is therefore not suffi-
cient, since it can be dominated by short, locally
well-superimposed fragments, whereas TM-score
is length-normalized and reflects global fold agree-
ment. Overall, gRFold provides a more reliable

balance between recovery, secondary-structure con-
sistency, and preservation of the global RNA fold.

Ablation of the Geometric Modalities. The
two ablation rows separate the roles of the two ge-
ometric streams. Removing the backbone branch
is the more damaging intervention: recovery drops
from 49.650% to 41.013%, from 51.671% to
42.306%, and from 45.004% to 40.090% on the
three benchmarks, with the RNAfold F1 falling
correspondingly from 0.497 to 0.337, from 0.486
to 0.355, and from 0.626 to 0.415. Removing the
surface branch has a smaller effect on recovery but
a consistent effect on 3D fidelity, with the Rho-
Fold TM-score decreasing from 0.297 to 0.255 and
from 0.277 to 0.236 on the two RNAsolo bench-
marks. The surface contribution is largest on the
RBP-Complex benchmark and smallest on RNA
Puzzles, where the F1 scores of the two variants co-
incide at 0.626 and 0.580, which is consistent with
surface geometry being most informative when the
target RNA is engaged in an intermolecular inter-
face.

Scalability Across Sequence Lengths. Figure 2
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demonstrates the performance of gRFold and three
tertiary-structure baselines across Short (<80 nt),
Medium (80–200 nt), and Long (>200 nt) RNA
sequences. gRFold achieves the best recovery in
the Short and Medium bins and maintains high F1
scores across all sequence lengths. As sequence
length increases, RMSD rises and TM-score de-
creases for all methods, while gRFold remains
among the most stable models, with the lowest
or near-lowest RMSD and competitive TM-scores
across the three length ranges. The degradation
on long sequences is shared by every compared
method, which suggests that it may reflect the diffi-
culty of the underlying folding problem rather than
a specific weakness of the geometric encoders.

4.2.2 Qualitative Case Studies
Figure 3 presents representative inverse-folding
cases evaluated with Boltz-2 from three bench-
marks: RNAsolo RBP-Complex (PDB ID:
4V7M_W), RNAsolo Monomeric (PDB ID:
5FK5_A), and RNA Puzzles (PDB ID: 6TB7_A).
Across all three, gRFold achieves the highest re-
covery (78.38%, 80.85%, and 90.57%), the low-
est RMSD (1.94, 1.82, and 0.91 Å), and the high-
est TM-score (0.707, 0.797, and 0.829), indicat-
ing that its designed sequences preserve native
folds more accurately than baseline-generated se-
quences in these cases under Boltz-2-based refold-
ing. These values remain computational structural
metrics rather than experimental validation.

5 Conclusion

In this work, we show that integrating molec-
ular surface features as a computational design
constraint improves selected RNA inverse-folding
metrics under the evaluated benchmarks. The
proposed gRFold framework combines secondary
structure, backbone topology, and surface geom-
etry, and achieves strong structural fidelity com-
pared with existing methods across three bench-
marks. These results support structure-conditioned
RNA sequence design under computational eval-
uation, while biochemical function remains to be
established by further validation.

Limitations

Despite its promising performance, gRFold has
several limitations: (1) Data Scarcity. The model
relies on high-quality 3D RNA structures for train-
ing. Since available RNA tertiary structures are

limited, its generalization to rare RNA families or
unusual motifs may be constrained. (2) Depen-
dence on Target Structure. gRFold presupposes
an experimentally determined or reliably predicted
tertiary structure, which relocates rather than re-
moves part of the design difficulty. (3) Evaluation
Scope. The current evaluation is based on compu-
tational benchmarks and structural metrics, and the
reported RMSD and TM-score inherit refolding-
predictor error, so they may not fully capture all
factors affecting RNA behavior in broader settings.
(4) Long Sequences. Performance degrades on
sequences beyond 200 nucleotides, although this
degradation is shared by compared methods.

Ethics Statement

This work presents a computational method for
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A Appendix

A.1 Related Work
RNA Structure Prediction and Design. RNA
structure prediction and design are fundamental
topics in RNA research due to the critical role of
RNA structure in determining its function. Tradi-
tional methods primarily focus on predicting sec-
ondary structures using energy-based models(Dirks
et al., 2007). These approaches rely on principles
such as minimum free energy (MFE) to determine

the most stable folding configurations(Lorenz et al.,
2011; Zuker, 2003). However, with the growing in-
terest in RNA applications across synthetic biology
and therapeutic fields, research has increasingly
shifted toward RNA inverse folding, which seeks
to generate RNA sequences that adopt target struc-
tures(Morandi et al., 2022; Magnus et al., 2016).
Modern advancements, particularly those leverag-
ing deep learning, have shown promising results
in enhancing prediction accuracy and sequence di-
versity(Sato et al., 2021; Fu et al., 2022; Singh
et al., 2019; Shen et al., 2024). Nevertheless, ex-
isting methods often face challenges in balancing
structural fidelity and functional adaptability, high-
lighting the need for novel approaches to address
these limitations.

Surface Information in Molecular Design.
Surface information represents a critical paradigm
in molecular design, particularly in elucidating
the geometric and functional characteristics of
biomolecules (Gainza et al., 2020). Previous in-
vestigations have reported that surface feature in-
tegration can improve molecular interaction mod-
eling and computational molecular design under
specific benchmark settings. Pioneering work such
as MaSIF (Sverrisson et al., 2021) leverages molec-
ular surfaces represented as meshes through pre-
calculated physical and geometrical descriptors,
while subsequent work including dMaSIF and Surf-
Pro (Song et al., 2024) reports competitive perfor-
mance of point-cloud representations with atom-
category annotations. Despite the established util-
ity of surface information in protein design, its
application in RNA design remains conspicuously
limited (Liu et al., 2024). Conventional RNA de-
sign methodologies predominantly concentrate on
secondary structural configurations, neglecting the
nuanced three-dimensional geometric context cru-
cial for functional determination. By integrating
surface-level features into RNA design frameworks,
this study aims to address these methodological
constraints and improve structural representation
through a computational method.
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