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Abstract

RNA 3D structure prediction is essential for understanding
regulatory mechanisms, catalysis, and therapeutic RNA de-
sign, yet progress has lagged behind proteins due to lim-
ited structural data and the complexity of RNA folding. This
work proposes a data-efficient, physics-informed deep learn-
ing framework for full atomistic prediction of transfer RNA
(tRNA) tertiary structures directly from sequence. Our ap-
proach will integrate pretrained RNA embeddings, predicted
secondary structure constraints, and SE(3)-equivariant graph
attention to model long-range geometric relationships. A two-
stage design will first predict global phosphate backbone co-
ordinates, then reconstruct nucleobase atoms using a local
geometry-aware decoder. A multi-objective loss will com-
bine geometric accuracy with chemical and biophysical plau-
sibility to enforce valid torsion angles, base-pairing, and
steric constraints. We will benchmark against physics-based
(VFold) and neural network–based (DeepFoldRNA) mod-
els to assess generalization under data scarcity. Ultimately,
this framework aims to advance RNA 3D modeling with
improved stability, interpretability, and capacity to general-
ize beyond well-characterized RNA families, supporting fu-
ture applications in rational RNA engineering and structure-
guided RNA design.

Background
RNA molecules play essential roles in protein synthesis,
catalysis, and gene regulation. Yet, experimental determina-
tion of RNA structures remains costly and low-throughput.
The resulting scarcity of high-quality structural data poses
a major obstacle for data-driven modeling. As a result, al-
though deep learning has transformed protein structure pre-
diction, analogous progress for RNA has been limited by in-
sufficient training data and the complexity of RNA tertiary
interactions.

Early computational approaches, such as VFold (Li et al.
2022), model RNA tertiary structure using physics-based
thermodynamic constraints; however, these methods rely on
extensive conformational sampling and scale poorly with in-
creasing molecular size. Recent deep learning approaches
(Singh et al. 2019; Chen et al. 2020; Shen et al. 2024; He
et al. 2024) have leveraged neural architectures and self-
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supervised learning to improve structure prediction. How-
ever, many of these models are limited to secondary struc-
ture. Those that address tertiary folding often yield poor re-
sults, as the scarcity of RNA tertiary structures (fewer than
6,000) limits training data, leading to overfitting and poor
generalization. This gap motivates the development of data-
efficient, physics-informed approaches. We propose a deep
learning framework focused on transfer RNA (tRNA) as a
tractable benchmark. tRNA combines higher data availabil-
ity with complex folding challenges: while its secondary
structure is conserved, its functional 3D geometry relies on
precise long-range tertiary interactions (e.g., D-loop/T-loop
contacts), providing a rigorous test for biophysical validity.

Problem Definition
Input: A transfer RNA (tRNA) nucleotide sequence

(x1, x2, . . . , xL), xi ∈ {A,U,G,C}

where L denotes sequence length and each xi specifies the
base identity of nucleotide i.
Output: A complete 3D tertiary structure of the tRNA rep-
resented by atomic coordinates:

• phosphorus backbone coordinates, Pi ∈ R3,
• predicted heavy-atom coordinates for each nucleobase,
• optional annotations describing hydrogen-bond

donor/acceptor groups for base-pairing geometry.

This representation supports evaluation of canonical and
noncanonical base pairs, backbone geometry, and tertiary in-
teractions such as D–loop and T–loop contacts.

Proposed Approach
Data Collection
We will leverage experimentally resolved RNA structures
from:

• RCSB PDB: ∼1,500 tRNA-containing structures (fil-
tered to isolate RNA chains from protein complexes)
(Berman et al. 2000).

• RNA 3D Hub: Curated, non-redundant RNA datasets
used to benchmark structural quality and identify repre-
sentative conformers (Petrov, Zirbel, and Leontis 2013).
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• RNACentral: Used to unify sequence identifiers, map
metadata across databases, and retrieve homologous se-
quences for evolutionary analysis (The RNAcentral Con-
sortium 2018).

Benchmark Methods
We benchmark against two complementary and widely-used
approaches for RNA 3D structure prediction:

Physics-based: VFold (Li et al. 2022), which ranked first
in the CASP16 RNA prediction category in both template-
free and template-based modeling, making VFold a strong
reference point (Kretsch et al. 2025).

Deep learning-based: DeepFoldRNA (Pearce, Omenn,
and Zhang 2022), a deep learning system with clearly de-
fined training and testing splits, enabling robust performance
comparison.

These benchmarks provide insight into strengths of
physics-driven vs. data-driven paradigms for RNA tertiary
structure prediction.

Architecture Design
The proposed framework consists of two major components:
(1) global structure prediction of the phosphate backbone,
and (2) local reconstruction of RNA base atoms. The model
will be driven by both learned residue embeddings and pre-
dicted secondary structure constraints.

Global Backbone Module. First, the RNA primary se-
quence is processed by RNA-FM (Wang et al. 2024) to ob-
tain contextualized embeddings for each nucleotide. In par-
allel, secondary structure probability matrices are predicted
using RNAformer (Franke et al. 2024). These form the basis
of a nucleotide graph representation:

• Nodes: nucleotide identity (A/U/G/C/modified bases),
RNA-FM embeddings

• Edges: backbone connectivity and predicted interaction
edges from RNAformer contact probabilities

We will apply an SE(3)-Transformer (Fuchs et al. 2020)
to propagate geometric information across the RNA graph.
Multi-head self-attention will capture heterogeneous struc-
tural relationships, while SE(3) equivariance will ensure pre-
dictions transform faithfully under rotation and translation.
The final output of this stage will consist of:

1. 3D coordinates of the phosphorus atom for each nu-
cleotide (Pi ∈ R3)

2. Per-nucleotide global structural embeddings Hi, encod-
ing secondary and tertiary context

To capture diverse structural motifs, we will employ a
sparsely-gated Mixture-of-Experts (MoE) in the final lay-
ers. This allows specific experts to automatically specialize
in distinct topologies, such as A-form helices versus non-
canonical loops, enhancing model capacity efficiently.

Local Base Reconstruction Module. To recover the full
atomic structure, we refine the backbone predictions with a
residue-level geometric decoder. For each nucleotide i, we
extract a local neighborhood of backbone atoms (within a

10 Å radius). To ensure rotational invariance, these coordi-
nates will be transformed into a canonical local frame before
being concatenated with the global embedding Hi and base
identity.

This set of local tokens will be processed by a lightweight
geometry-aware transformer decoder, which predicts the rel-
ative coordinates of heavy base atoms for nucleotide i.
The predicted coordinates will then be transformed back to
the global coordinate system, yielding a complete atomistic
RNA model.

This two-stage design would allow long-range tertiary in-
teractions to guide backbone geometry while enforcing local
chemical consistency during base reconstruction.

Loss Function
We will optimize a multi-objective geometric loss

L =
5∑

i=1

λiLi,

where:

• λi: adaptive loss weights
• L1: global heavy-atom RMSD to ground truth
• L2: base-pair formation accuracy
• L3: torsion and bond geometry constraints
• L4: coarse-grained thermodynamic stability
• L5: steric clash avoidance

This representation supports evaluation of canonical and
noncanonical base pairing, stacking interactions, and tertiary
motifs (Li et al. 2023).

Evaluation
Predictions will be evaluated on tRNA-containing targets
within standard benchmarks such as RNA-Puzzles (Magnus
et al. 2019) and CASP16 using global RMSD, base-pair in-
teraction accuracy, and secondary–tertiary consistency. To
prevent data leakage, we will ensure that none of the eval-
uation structures appear in the training data of any model,
including our own.

To assess biophysical realism, we will additionally evalu-
ate:

• Energetic stability, using folding free energy estimates
(∆∆G) to confirm that predicted conformations are ther-
modynamically feasible.

• Functional compatibility, assessing the ribosomal span,
the preservation of conserved core interactions (e.g., the
Levitt pair in canonical tRNAs), and the clash score.

• Stereochemical plausibility, using quantum-chemical
inspired principles to validate local geometry and
hydrogen-bond networks.

This combined geometric and biophysical assessment will
ensures that predicted tRNA structures are not only accurate
in 3D but also stable and functionally meaningful, laying the
groundwork for future extensions toward structure-guided
RNA design.
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