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Abstract

Geometric graph neural networks (GNNs) that respect E(3) symmetries have
achieved strong performance on small molecule modeling, but they face scala-
bility and expressiveness challenges when applied to large biomolecules such as
RNA and proteins. These systems require models that can simultaneously capture
fine-grained atomic interactions, long-range dependencies across spatially distant
components, and biologically relevant hierarchical structure—such as atoms form-
ing residues, which in turn form higher-order domains. Existing geometric GNNss,
which typically operate exclusively in either Euclidean or Spherical Harmonics
space, are limited in their ability to capture both the fine-scale atomic details and the
long-range, symmetry-aware dependencies required for modeling the multi-scale
structure of large biomolecules. We introduce DualEquiNet, a Dual-Space Hierar-
chical Equivariant Network that constructs complementary representations in both
Euclidean and Spherical Harmonics spaces to capture local geometry and global
symmetry-aware features. DualEquiNet employs bidirectional cross-space message
passing and a novel Cross-Space Interaction Pooling mechanism to hierarchically
aggregate atomic features into biologically meaningful units, such as residues,
enabling efficient and expressive multi-scale modeling for large biomolecular sys-
tems. DualEquiNet achieves state-of-the-art performance on multiple existing
benchmarks for RNA property prediction and protein modeling, and outperforms
prior methods on two newly introduced 3D structural benchmarks demonstrating
its broad effectiveness across a range of large biomolecule modeling tasks. The
source code is available at https://github.com/junjie-xu/dualequinet,

1 Introduction

Large biomolecules such as RNA and proteins play central roles in biological systems, enabling key
functions ranging from enzymatic catalysis to molecular recognition and gene regulation [15} 41} 10,
61,138, [7]]. Recent studies have explored diverse strategies to improve protein and RNA modeling,
from geometric deep learning to physics and biology-informed neural architectures [45} 82} 81} 56|
87,183,721 1591 155]]. These molecules exist at the atomistic scale, where complex three-dimensional
geometries, hierarchical organization (with atoms grouped into residues and domains), and long-range
interactions jointly determine function. Crucially, molecular models must respect the underlying
physical symmetries: predicted properties should transform consistently under global rotations and
translations, remaining invariant for scalar quantities (such as energy) or equivariant for directional
quantities (such as dipole moments). Designing computational models that can faithfully capture these
geometric and symmetry-aware aspects is essential for accurate biomolecular modeling [36} (71} [5].

Despite recent advances in geometric deep learning, current geometric graph neural networks (GNNs)
face two critical limitations when applied to large biomolecular systems. First, most existing
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geometric GNNs model molecules purely at the atomic level, representing atoms as nodes and bonds
or spatial proximities as edges [80, 62} 23} 135]. While effective for small molecules, this atomistic-
only approach fails to capture the inherent hierarchical organization in large biomolecules, where
atoms are naturally grouped into higher-order units such as nucleotides (in RNA) or amino acids (in
proteins). Ignoring this hierarchical structure leads to the loss of essential contextual and relational
information, ultimately constraining predictive performance. Second, large biomolecules exhibit rich
long-range dependencies: distant residues or nucleotides can interact and cooperatively determine
global properties [22]. Most existing geometric GNNs focus on local neighborhoods in Euclidean
space (62, 163, [12} [16} 6], limiting their ability to capture nonlocal interactions effectively. While
some methods incorporate higher-order geometric features, such as using higher-degree spherical
harmonics, they often suffer from significant computational overhead [69, 13 27]], making them
impractical for large-scale molecular systems.

To address the challenges of hierarchical structure and long-range dependencies in large biomolecules,
we propose DualEquiNet, a novel Dual-Space Hierarchical Equivariant Network. Unlike existing
methods which either use nonlocal attention using spherical harmonics [26] in Euclidean-space
neighborhoods or using high-degree steerable representations within a single geometric space [17, 6],
DualEquiNet jointly constructs complementary representations in both Euclidean (EU) and spherical
harmonics (SH) spaces: the EU space captures local geometric interactions crucial for atomic-
level detail, while the SH space encodes rotation-equivariant features well-suited for long-range
structural dependencies. Through bidirectional cross-space message passing, DualEquiNet enables
structured information exchange between EU and SH spaces, integrating local and global geometric
contexts. Moreover, we introduce a novel Cross-Space Interaction Pooling (CSIP) mechanism that
hierarchically aggregates atomic-level features into coarser scales (such as residue-level), expanding
the receptive field without requiring deep stacking of atomic layers. By explicitly facilitating
interaction between EU and SH representations during pooling, CSIP ensures efficient and expressive
multi-scale modeling. Together, these innovations yield a scalable, symmetry-aware framework
tailored to the unique architectural and functional demands of large biomolecular systems.

We evaluate DualEquiNet across established RNA and protein property prediction datasets, demon-
strating consistent improvements over existing geometric baselines (with average performance gains
of 8.4%-33.5% across tasks). To further probe the model’s ability to capture nuanced 3D structural
features, we developed two new benchmark datasets for Solvent-Accessible Surface Area (SASA)
Prediction and Torsion Angle Prediction, which are crucial for applications in drug discovery and
protein engineering (66, 68]]. DualEquiNet achieves improvements of 3.1%-28.8% and 2.5%, re-
spectively, over the strongest prior methods on these benchmarks as well. Code and datasets will be
released publicly upon paper acceptance.

To sum up, our main contributions are: (i) We introduce DualEquiNet, a novel dual-space hierarchi-
cal equivariant network that explicitly constructs complementary Euclidean and spherical harmonics
(SH) representations, enabling the simultaneous capture of local atomic interactions and long-range
structural dependencies; (ii) We propose bidirectional cross-space message passing and a novel
Cross-Space Interaction Pooling (CSIP) mechanism, which together allow efficient and expressive
hierarchical aggregation from atoms to residues, tailored to large biomolecular structures; and (iii)
We introduce two new 3D structural benchmark datasets (SASA and Torsion Angle prediction) and
evaluate DualEquiNet across these and other diverse established biomolecular tasks, including RNA
and protein property prediction, consistently achieving state-of-the-art results and outperforming
prior baselines.

2 Related Works

Invariant GNNs. Rotation-invariant GNNs leverage geometric features such as interatomic dis-
tances and angles to produce representations invariant under rigid body motions. SchNet [63]] uses
continuous-filter convolutions over pairwise distances. DimeNet [30] and GemNet [28]] further incor-
porate angular information, improving directional sensitivity. SphereNet [50] expands the invariant
feature set to include distances, angles, and torsions. While effective, such models discard essential
orientation-dependent information, motivating the need for equivariant approaches.

Scalarization Equivariant GNNs. Scalarization-based equivariant GNNs aim to preserve E(3)
equivariance by decoupling scalar and vector representations. EGNN [62] uses pairwise distances



to compute scalar messages for equivariant updates of coordinates. PaiNN [64] and GVPGNN [39]
similarly apply scalar gating and vector decoupling to maintain equivariance efficiently. However,
their reliance on scalar guidance can limit expressivity, particularly for modeling complex rotational
dependencies [40].

Higher-order Equivariant GNNs. Tensor-product-based methods achieve full SE(3) or SO(3)
equivariance via Clebsch—Gordan (CG) tensor algebra. TFN [69] and SE(3)-Transformer [27]
construct equivariant convolutions over irreducible representations, enabling expressive geometric
reasoning. MACE [9]] utilizes a complete basis from the Atomic Cluster Expansion for maximal
expressivity. However, these methods often suffer from high computational cost due to CG operations
scaling as O(LS) with the degree L. Recent methods aim to balance expressivity and efficiency by
avoiding explicit CG products. HEGNN [16]] and GotenNet [6] incorporate high-degree spherical
harmonics but use inner-product-based scalarization to model cross-degree interactions.

Long-range Dependencies. Modeling long-range interactions remains a core challenge in GNNs due
to the tension between limited receptive fields and over-smoothing [18} I58]]. Recent benchmarks [24,
70, [86] evaluate GNN performance on long-range tasks. Solutions include implicit models (e.g.,
IGNNSs) and Graph Transformers, which relax locality constraints via attention-based architectures.
These efforts are complementary to equivariant modeling and may be integrated with geometric priors
for improved scalability and fidelity.

A more comprehensive discussion of related work, including technical distinctions from our work, is
provided in Appendix [A]

3 Methodology

Notations. Each molecule can be represented as a 3D geometric graph, G = {H, X}. H contains
node features across hierarchical scales, specifically atom-level (e.g. atomic number) and residue-level
(e.g. nucleotide type in RNA), denoted by H = {Hys0, € RNatom*Fatom [ e RNresXFresy
where Nytom and N,..s are the number of atoms and residues (e.g. the nucleotides in RNA and amino
acids in proteins), Fy;.p, and Fi..5 are the dimensions of atom and residue features. hyi0p, € RFatom
and hyes € RFres are the corresponding features of a node. X € RNatem X3 denotes the 3D
coordinates of atoms. From initial G, we aim to construct Euclidean (EU) space neighbors ANy and
spherical harmonics (SH) space neighbors A5y . We use uppercase letters to denote matrices and
lowercase symbols to represent the corresponding vectors for a given node (e.g. h; and x; for node 7).
To distinguish between invariant and equivariant features, we use regular letters for invariant features
(e.g., h) and bold symbols for equivariant features (e.g., x).

Overview of DualEquiNet. Fig.[I[a) gives an illustration of the proposed DualEquiNet. It begins
with SH feature initialization, followed by multiple DualEqui layers applied at the atomic level. A
Cross-Space Interaction Pooling (CSIP) module then aggregates atomic representations into residue-
level features, which are further refined by additional DualEqui layers. Each DualEqui layer first
infers EU and SH neighborhoods, then performs both inner-space and cross-space message passing
to update the EU coordinates , invariant features h, and SH features r (See Fig.[I[b)). EU neighbors
are determined based on a distance cutoff, capturing local geometry. SH neighbors are selected based
on SH feature similarity, enabling long-range structural connections beyond spatial proximity (See
Fig.[I[d)). CSIP aggregates atom-level features within each residue cluster. It performs pooling for A,
x, and r, and incorporates cross-space projections to exchange complementary information across
spaces (See Fig.[T[c)). Next, we give details of each component.

3.1 Initialization of Dual-Space Features

Most equivariant graph neural networks rely on EU distance between nodes alone to define edges,
which struggles to capture long-range dependencies. This often requires increasing distance thresholds
or adding more layers, both of which increase computational complexity. Moreover, EU-based
message passing assumes that neighboring nodes are close in EU space and share similar features,
but this assumption doesn’t hold for large biomolecules like proteins and RNA. Nodes may be distant
in EU space yet share similar structural features, such as bond angles and torsion, which are better
captured in SH space. Thus, relying solely on EU proximity may miss key structural similarities
crucial for molecular representation.



(a) DualEquiNet (b) DualEqui Layer (c) CSIP

SH Feature Atoms in residue C Residue
}‘Lﬂﬂﬂ Initialization x x h Jlﬂ.n r :}—‘ csip :

T

DualEqui Layer h | loo ool olla uﬂﬂJ .

Y

: L Npv within a Nsu distant but x
i X Latom cutoff threshold = structural similar
DualEqui Layer
v EU Space Update SH Space Update r
(14
f Mgy  Msy—gy MEy-sH  MsH
DualEqui Lager & | P (d) Neighborhoods
H X Lyes Axgy  Ahgy  Ahgy  Argy
DualEqui Layer —> inner-space message — —> Cross-space message U
—— EU neighbors - .- SH neighbors

Figure 1: Overview of the proposed DualEquiNet. (a) DualEquiNet: It begins with SH feature
initialization, followed by multiple DualEqui layers applied at the atomic level. A CSIP module then
aggregates atomic representations into residue-level features, which are further refined by additional
DualEqui layers. (b) DualEqui Layer: Each layer first infers EU and SH neighborhoods, then
performs both inner-space and cross-space message passing to update the Euclidean coordinates
x, scalar features h, and SH features r. (c) CSIP: Cross-Space Interaction Pooling aggregates
atom-level features within each residue cluster. It performs pooling for A, 2, and 7, and incorporates
cross-space projections to exchange complementary information across spaces. (d) Neighborhoods:
EU neighbors are determined based on a distance cutoff, capturing local geometry. SH neighbors are
selected based on SH feature similarity, enabling long-range structural connections beyond spatial
proximity.

To address these issues, we propose a dual-space initialization strategy that constructs two com-
plementary spaces: EU space for capturing local geometric interactions and SH space for global
structural relationships. The EU neighborhood of node ¢ is defined as:

Neu (@) ={j | [lz: — z;|| < dev}, (D
where dgy is the Euclidean distance threshold. Next, we initialize the SH space features by aggregat-
ing the EU neighbors as follows. For each SH degree [ = 0, 1, .. ., [, the [-th order SH feature for
node 7 is defined as:

1
7‘5” |NEU( ] Z do ([hi, by, [leis]]) Y (l) &), @
JENEU (3)

where @;; = x; — «; is the direction vector, and &;; = x;;/ ||x;;|| is the unit direction vector, ¢y is
a differentiable message function (e.g., an MLP), and Y € R2+1 ig the normalized SH function of

degree I, with unit norm ||Y () (-)|| = 1. The SH basis and corresponding node features up to degree
Imax are jointly represented as:

V(@) = VO (@) YO (@) -+, Vo) (@), and 7y = [ 7V, rle)] 3)
The details of spherical harmonics are introduced in Appendix [B] Eq.[2]aims to learn an initialization
of the SH space features based on the EU neighbors of the node, after which the SH features are
further refined through updates in the SH space. With the initial SH vectors, we define the SH
neighborhoods of node ¢ based on the cosine similarity as

rieTy
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where dgp is a threshold for SH space. These two neighborhoods—EU and SH—form the basis
for equivariant dual-space message passing and cross-space interaction in subsequent model stages.
In this way, the SH neighborhood overcomes the distance limitations of EU space and captures
relationships between nodes that are distant in EU space.

3.2 DualEqui Layer

The DualEqui Layer integrates geometric information from both EU and SH spaces through a
bidirectional message passing scheme. Each layer updates invariant features h, EU coordinates x, and



SH features r using a combination of within-space and cross-space messages. This design enables
the model to simultaneously preserve local geometry and capture global structural patterns.

Euclidean Space Update. In EU space, both the atomic positions x and invariant features h are
updated using information from two sources: (1) within-space interactions based on EU neighbors,
and (2) cross-space interactions from the SH neighbors. Specifically, we compute messages from
both the EU and SH neighbors and aggregate them via a multi-head attention mechanism.

Within-space message m gy captures local geometric interactions in the EU space using invariant
features and distances, while cross-space message mgy—, gy models the influence of SH-space
structural similarity on the EU update, enabling long-range information flow guided by symmetry-
aware features. For each node ¢ and its neighbor j, we have

mev,i; = ¢eu ([hi, hy, |zi;]) . mso—Evi = Ysa—eu([ri © rj,[|zi;]]), (5)
where ||x;;| denotes the Euclidean distance between nodes ¢ and j. The function ¢gy denotes
differentiable functions applied within EU space (e.g., an MLP), and ¢ s, gy denotes cross-space

transformations. The operator ® computes degree-wise inner products of SH features to form an
invariant representation [17]:

©) p0 p 1) 40 () )] ©)
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To combine the messages, we use K -head attention. Each head learns to attend to different aspects
of the neighborhood, both in the EU and SH spaces. For the k-th head, the attention weights are
computed as:

k k k k
QRpyi; =0 (¢EU,att(mEU,ij)) ) ﬂEU,ij =0 (wEU,ﬁ(mSH%EU-,ij)) ) @)

where o is the sigmoid function, and ¢§U7m, vEs 5 are attention blocks. The invariant feature h; is

updated using a permutation-invariant aggregation € (e.g., sum or mean) over messages from both
sets of neighbors:

K
1
Ahgu,i = - Z(ﬁupd,EU([hi, B cbui drvnmevs)+ P BEU,iﬂ/)'?EU,h(WSHaEU,ij)]),

k=1 JENEU (1) JENsH(3)
®

where, ¢&.;, and ¢k, are learnable message transformation networks per head. Similarly, the
coordinate update is computed by aggregating directional messages scaled by attention:

K
1
Azxpy; = IR Z ( , @ , OZ%U,U drU,z (MEU,:;) Tij + . 69 . /BEU,ij'(/)EU,z(mSHHEU,ij)wij) (&)
k=1 jeENEU (i) JENsH(D)
The EU space update integrates both local geometry and global SH information through learned,

attention-weighted message passing. This allows the model to effectively capture rich interactions
that span different geometric representations.

Spherical Harmonics Space Update Similarly, in SH space, for each node ¢ and its neighbor j, we
compute messages from both the EU and SH neighbors as

msmij = ¢su ([hi, hj, i ©15]),  MmpusswHi; = Yeu—sa([ri © vy, l|zigll])  (10)
We then adopt K -head attention to aggregate the information as

K
1
Ahsm,i = EZQﬁupd,SH([hi, . @ . oS qblg‘H,h(mSH,ij)‘FA ED A Bé‘H,ij"bgH,h(mEUﬁSH’ij)])7
k=1 JENgH () JENEU (4)
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where a§H7ij =0 (¢]§H,att(mSH,ij)) and B§H7ij =0 (ngﬁ(mEU_,SH7ij)>. The SH feature is

affected by r; and ?(:ﬁw) together. Specifically, for the within SH space update, utilizing r; directly
captures the structural similarity, including angle and torsion features, among SH neighbors. For

cross-space updates from EU to SH, the relative direction of the EU neighbors is crucial. }A/(:fzw)
explicitly incorporates this geometric directional information from its EU neighbors, potentially
impacting SH features with the update given by the following.

K
1 S o
Arsmi = 22 ( P csnidsmr(msui)ri+ P /BgH,iijH»T(mEU%SH,ij)Y(mU))
k=1 jENsH() JENEU(?)
(12)



Dual Space Update. We employ a residual connection, and the overall update is given by
hi =h; + Ahgyu; + Ahspi, *i=x; + Axpys, Ti=7i+ArsH;. (13)

3.3 Cross-space Interaction Pooling

To create residue- and molecule-level representations, we use hierarchical pooling over atomic node
clusters. The challenge is to maintain both local geometry and global structural context. Standard
pooling methods, like average or attention-based aggregation, handle features from different geometric
spaces separately. In biomolecular structures, local and global geometry are interconnected; for
instance, an RNA nucleotide’s torsional configuration (well-represented in SH space) can be affected
by nearby atomic arrangements (in EU space), and vice versa.

To address the challenge, we introduce CSIP, a novel hierarchical pooling strategy that facilitates bidi-
rectional information exchange between EU (local) and SH (global) spaces during aggregation. This
approach integrates multi-scale geometric information while preserving equivariance. Specifically,
we first compute attention weights «; using only invariant quantities, then the weights are used to
perform attention-based pooling as:

;1
W= G2 i @i = o(r(hidi) 14

where ¢ p is a neural network applied to invariant features to calculate the attention score, d; denotes
the average pairwise distance from node 7 to other nodes, and C'is the cluster of nodes over which
pooling is performed. For example, a nucleotide in RNA or amino acid in protein consists of a
cluster of atoms. To enrich the EU representation with global structural cues, we inject projected SH
features:

lmax

r_ 1 . - . ~ N — O
x —@Zmaz @i + - Projgp (ri)],  Projgy(ri) = )~ " willry” [, (15)

where rl(-l) is the SH component at degree [, and w; are learnable weights. Projg;; converts SH space

features r to EU space by producing an invariant signal summarizing the SH features’ norms, which
modulates the geometric position via a learnable coefficient v. Moreover, we enhance SH features
with a projection of relative EU coordinates:

1 . . o
r = @Ziecai [ri +€-Projgy ()], Projgy(e:) =Y (i — Tave), (16)

where T, = %\ > icc ®; centers the input to maintain translation equivariance. The projection
Proj g (z;) converts « from EU space to SH space. Therefore, we choose to use the SH function

Y. It embeds local relative geometry into the SH domain, controlled by a learnable coefficient e.
The pooled features i/, x’, and 7’ serve as residue-level inputs for the subsequent DualEqui layers,
enabling hierarchical modeling from atoms to residues.

3.4 DualEquiNet

As shown in Figure[I(a), DualEquiNet captures the hierarchical nature of biomolecular structures
through two sequential modules: an initial atom-level processing module and a subsequent residue-
level module, separated by the CSIP layer. Each module consists of multiple DualEqui layers.
Figure[T[(b) shows that each DualEqui layer encompasses the operations defined in Equations|[T]to[T3]
and the network-level update is expressed as:

RIFL ! ¢ — DualEquiLayer(h!, ', r!), (17)

where the superscript [ denotes the layer index, and is distinct from the SH order (/) with parenthesis.
There are two types of layers: atom layers and residue layers. The model first applies Lgtom
DualEqui layers to capture fine-grained atomic interactions in both EU and SH spaces. The CSIP
module then aggregates these features into residue-level representations, which are further processed
by L,.s residue-level DualEqui layers to capture higher-order structural patterns and long-range
dependencies. The input to the first atom layer is h° = hgsom. The first residue layer receives
hlatom+l — [hL““"", hres], a concatenation of the final atom-layer output and the CSIP-derived
residue features. This hierarchical design enhances both computational efficiency and representational
capacity, aligning naturally with the multi-scale structure of biomolecules. The equivariance of the
networks is proved in Appendix



Table 1: (a) Left: The N-chain task aims to differentiate two [NV-chain geometric graphs that differ
only in the positions of their end nodes. (b) Right: The expressivity in the N-chain task with N = 10.

Anomalous results are highlighted in red and expected in green . DualEquiNet demonstrates a
stronger capability to differentiate the two geometric graphs due to its expressive architecture.

Layers ¥=5 |&+1=6 7 8 9 10
SchNet 50.0+0.0 50.0£0.0 50.0+0.0 50.0£0.0 50.0£0.0 50.0+0.0
EGNN 50.0£0.0 50.0£0.0 50.0£0.0 50.0£0.0 50.0£0.0 50.0£0.0
GVPGNN 50.0£0.0 52.0£9.8 51.0£7.0  53.0+11.9  51.5#85 54.5£14.3
TEN 50.0+0.0 50.0£0.0 50.0£0.0 50.0£0.0 50.0£0.0 50.0+0.0
FastEGNN 99.5+5.0 100.0+£0.0 91.0£19.2  99.5+5.0 100.0£0.0 ~ 51.5+8.5
N nodes * N nodes HEGNN 50.0+0.0 50.0+0.0 50.0+0.0 50.0+0.0 50.0+0.0 50.0£0.0
GotenNet 50.0£0.0 50.0£0.0 50.0£0.0 50.0£0.0 50.0£0.0 50.0£0.0
DualEquiNet dg;=0.95  52.5+10.9 51.5+8.5 52.5+10.9  53.5+12.8 99.5+5.0  52.5+13.0
DualEquiNet dg=0.90  98.5+8.5 50.5+5.0 50.5+5.0 99.0+7.0 99.5+50  53.5+12.8

DualEquiNet dg;=0.80  98.0+9.8 54.0+13.6 100.0£0.0  100.0+0.0  100.020.0  100.0+0.0
DualEquiNet ds=0.70 ~ 99.0+7.0 100.0+0.0 100.0£0.0  100.0+0.0  100.020.0  100.0£0.0
DualEquiNet dgy=0.60  100.0+0.0 100.0+£0.0 100.0£0.0  100.0+0.0  100.0£0.0  100.0£0.0

4 Experiments and Results

We evaluate DualEquiNet across a suite of tasks to assess its expressivity, ability to capture long-range
dependencies, and effectiveness on real-world biomolecular property prediction. Our experiments
span synthetic benchmarks and challenging biomolecular tasks, including RNA property prediction,
solvent-accessible surface area estimation, and torsion angle regression. The dataset details are in

Appendix [D.6|

We benchmark DualEquiNet against baselines from various categories: (1)Invariant: SchNet [63];
(2)Scalarization Equivariant: EGNN [62], GVPGNN [39]; (3)Higher-order Equivariant: TFN [69],
FastEGNN [85], HEGNN [17], and GotenNet [6], covering a range of popular and recent baselines
including invariant, equivariant and low- to high-order tensor methods. A detailed baseline description

is provided in Appendix
4.1 Model Expressivity on Synthetic Dataset

To evaluate DualEquiNet’s ability to capture long-range dependencies, we use the N-chain discrimi-
nation task from prior work [40]]. This task provides a synthetic yet rigorous benchmark for assessing
the expressive power of geometric GNNSs, particularly their capacity to propagate and integrate
information across distant nodes. In this experiment, as illustrated in Table (left), there are a pair of
graphs and each graph consists of a linear chain with IV nodes, identical except for their end-node
configurations—analogous to chiral molecules. The model is trained on one graph and evaluated on
both to test its ability to distinguish the chiral pair. These graphs are (L%j + 1)-hop distinguishable,
meaning a GNN requires at least that many layers to differentiate them as proven in [40]. As N
increases, the task becomes more challenging due to oversquashing [4]. While the original Geometric
Weisfeiler-Leman (GWL) test uses N = 4, we extend this to N = 10, requiring at least 6-hop
information—mirroring challenges in modeling large biomolecules. Note that in real-world scenarios,
large biomolecules can consist of thousands of nodes, making long-range information exchange even
more challenging. We vary the SH-space cutoff distance dgy to study its effect on DualEquiNet
performance.

As shown in Table |1} most baselines fail to distinguish the /N-chain graphs, performing no better
than random guessing even when stacking more than L%j + 1 layers. FastEGNN is an exception
due to its global virtual nodes. In contrast, DualEquiNet achieves higher accuracy even with fewer
than L%j + 1 layers by leveraging SH-space neighbors for global context. Performance improves
as dgp decreases, reaching near-perfect accuracy at dgy < 0.7, demonstrating the effectiveness
of SH-space communication in overcoming long-range limitations with lower SH cutoff distance
signifying more SH-space neighbors. We also validate expressivity on another rotational symmetry
task (Appendix showing similar results, confirming the benefit of high-order SH features, in
agreement with HEGNN [17] and prior analyses [40Q].

4.2 RNA Property Prediction

We evaluate DualEquiNet on RNA property prediction tasks because RNA molecules hold significant
therapeutic potential, and accurate in-silico modeling can greatly reduce experimental costs and



Table 2: Performance of RNA property prediction (RMSE=standard deviation (std.)). The best-
performing model is highlighted in bold. DualEquiNet outperforms other baselines on each metric.

M COVID Ribonanza Te-Ribo
ethod
Reactivity pH10 Mg pH10 Avg. DMS 2A3 Avg. Factor

SchNet 0.451+0.006 0.63320.012  0.518+0.010  0.534£0.011  0.909+0.018  0.966+0.004 0.937+0.012  0.737+0.002
EGNN 0.453+0.006  0.634+0.013  0.520+0.010  0.535+0.011  0.912+0.017  0.968+0.005  0.940+0.012  0.720+0.022
GVPGNN 0.448+0.006 0.631+0.012 0.515+0.009 0.531+0.011 0.901+0.015 0.963+0.004 0.932+0.010 0.736+0.003
TFN 0.453+£0.006  0.634£0.012  0.520+0.010  0.535£0.011  0.911+0.018  0.968+0.004 0.939+0.012  0.694+0.008
FastEGNN 0.390+£0.019  0.582+0.029 0.463+0.027 0.478+0.031 0.808+0.022  0.869+0.015 0.839+0.020  0.731+0.006
HEGNN 0.450+£0.005  0.63220.012  0.517£0.009 0.53320.011  0.904+0.015 0.964+0.004 0.934£0.010  0.729+0.007
GotenNet 0.388+0.002 0.582+0.011 0.455+0.008 0.475+0.009 0.832+0.017 0.882+0.009 0.857+0.013  0.718+0.002
EGNN + Pooling 0.280+£0.006  0.469+0.006  0.362+0.010 0.370£0.009 0.688+0.028  0.534+0.014 0.611x0.010  0.699+0.016
SchNet + Pooling 0.302+0.006  0.495+0.010  0.384+0.010  0.394+0.010 0.721+0.019  0.642+0.004  0.681+0.011  0.702+0.007
FastEGNN + Pooling | 0.379+0.002  0.566+0.009  0.454+0.008 0.467+0.007 0.773+0.024 0.819+0.006 0.796+0.013  0.721+0.013
DualEquiNet 0.272+0.004  0.448+0.010  0.340+0.005  0.353+0.006 0.611+0.025 0.505+0.024 0.558+0.012  0.636+0.049

time [21]]. RNA molecules pose unique modeling challenges due to their large size, complex secondary
and tertiary structures involving both short-range and long-range interactions [67]], and the necessity
for equivariant representations respecting rotations and translations [S7]. An effective RNA modeling
approach must efficiently integrate both local atomic interactions and global structural dependencies.

We use three RNA datasets consisting of thousands of atoms: (i) CovidVaccine [74], which provides
nucleotide-level reactivity and degradation labels relevant for vaccine stability; (ii) Ribonanza [37],
which includes nucleotide-level reactivity under different compounds to assess RNA folding and
flexibility; and (iii) Tec-ribo [33], which contains RNA-level regulatory behavior in response to
tetracycline. 3D RNA structures are generated using RhoFold [65]] following prior works [57].

We follow the experimental protocol in [57] to use eta-theta pseudotorsional backbone [[73] as input
and use Root Mean Squared Error (RMSE) as our performance metric. All models are evaluated
using consistent train-validation-test splits (8:1:1), with hyperparameters selected based on the best
validation performance, optimized via Optuna [3]] to ensure fair comparisons.

As shown in Table [2] DualEquiNet outperforms all baselines, reducing RMSE by 25.7%, 33.5%,
and 8.4% on CovidVaccine, Ribonanza, and Tc-ribo, respectively compared to best baseline. This
highlights DualEquiNet’s strength in modeling complex RNA interactions, especially long-range
dependencies, making it a strong candidate for RNA property prediction tasks. Note that the pooling
in Table[2]is the standard hierarchical pooling (e.g., atom-to-nucleotide for RNA, atom-to-amino acid
for proteins).

4.3 Protein and RNA Solvent-Accessible Surface Area (SASA) prediction

Solvent-accessible surface area (SASA) measures how exposed atoms or residues are to solvent,
reflecting a large biomolecule’s 3D conformation and influencing interactions and stability [66} 54].
Accurate SASA prediction is crucial for understanding and engineering molecular behavior [68]].

For protein SASA prediction, we use

e ) Table 3: Performance on SASA Prediction (RMSE#std).
the existing mRFP protein dataset

from [68], with 3D protein structures RNASolo  mRFP Protein (x10)
generated using AlphaFold[&]]. - This SchNet  48.560+2.187 8.3700.963
dataset contains grgund-truth SASA val- EGNN 33.011+2.323 9.054+1.303
ues, offering a reliable benchmark for  GVPGNN 377041050 20.351:0.964
model evaluation. TEN 51.003:1214  20.176+1.277
Additiona]]y’ we introduce a new SASA FastEGNN 37.251+1.028 12.282+1.310
benchmark dataset for RNA, sourced HEGNN 37.782+1.795 12.382+3.525
from RNASolo [2], which includes ex- GotenNet 34.966+1.671 8.743+1.558
perimentally determined 3D structures ~ DualEquiNet  31.972+0.859 5.959+1.160

of RNA molecules. During preprocess-

ing, we choose RNA molecules with sequence lengths ranging from 10 to 400 and exclude RNA
sequences with multiple chains or non-AUGC nucleotides. Ground-truth residue-level SASA values
are computed using DSSR [51]]. Together with the existing protein SASA benchmark, this new
RNA dataset provides a comprehensive benchmark for assessing models’ ability to capture detailed
structural representations of both RNA and protein.



Table 4: Performance on TorsionAngle dataset with 7 predicted angles. (Circular MAE + std.).
Avg. a B v d € ¢ X

SchNet 18.54+0.86  31.38+1.44 17.54+0.20 24.44+135 7.68+0.25 15.48+0.56 20.50+1.30 12.78+0.63
EGNN 17.79£0.61 29.62+0.98 17.25+0.26 22.96+0.79  7.54+0.16  15.17+0.67 19.72+1.11 12.29+0.58
GVPGNN 17.56+0.21 29.69+0.41 16.94+0.25 22.77+0.49  7.02+0.26  15.02+0.57 19.63+0.54 11.85+0.15
TFN 21.97+045 36.52+0.62 18.19+040 27.63+0.66 11.63+0.43 17.64+0.79 26.59+0.77 15.57+0.74
FastEGNN 18.89+0.22 31.96+0.58 17.43+040 24.64+0.60 8.47+0.45 15.66+0.45 21.31x0.33 12.78+0.13
HEGNN 18.41+0.22  31.12+0.59 17.49+0.21 23.78+0.69  7.91+0.66  15.35+0.46 20.54+0.18 12.67+0.26
GotenNet 16.27£1.19  26.88+1.57 15.90+0.60 21.06+1.34  6.72+035  13.85+0.64 17.74x1.63 10.96+0.84
DualEquiNet  15.87+2.03 26.89+3.00 15.48+1.17 21.12+2.68 6.30£0.45 13.68+1.29 17.03+1.84 10.60+1.32

The baselines and data splits are consistent with those in Section[4.2and we use Optuna for optimal
hyperparameter search. RMSE to the ground truth SASA values is reported. Table [3] presents
performance results on the SASA benchmarks. DualEquiNet consistently achieves the lowest
prediction error across both RNA and protein datasets, demonstrating its superior ability to capture
and refine both local and global structural features through its dual-space hierarchical representations.

4.4 RNA Torsion Angle Prediction

Torsion angles define rotations around specific bonds, shaping the 3D conformation of biomolecules
and influencing their secondary and tertiary structures, interactions, and functions. Accurate prediction
of these angles is essential for modeling structural geometry. While sequence modeling techniques
have been proposed for RNA torsion angle prediction [[1,[11], they rely solely on nucleotide sequences
and ignore the 3D structural context. In contrast, torsion angles are fundamentally determined by
spatial geometry (more details in Appendix

Similar to SASA experiments, the TorsionAngle dataset uses ground-truth RNA sequences and
structures from RNASolo and torsion angles are computed using DSSR. Consistent with [[1]],
we adopt the circular Mean Absolute Error (MAE) loss. To predict seven torsion angles
(o, B,7,0,¢,(, %), the model outputs 14 values—sin and cos for each angle. The angle 6 is
recovered via § = arctan(sin(f), cos(6)), and the circular MAE is computed as MAE(f) =

Nl - Zf\;f min (A6;,360° — Ab;) where Ab; = |Opred,i — Oirue,i| and N, is the number of pre-
dicted nucleotides.

Results presented in Table []illustrate the performance of various models across different torsion
angles prediction. Our DualEquiNet achieves the lowest average error and performs best for 5 out
of 7 angles prediction. These findings highlight that DualEquiNet effectively learns 3D structural
representations, enabling accurate prediction of torsion angles based on molecular geometry.

4.5 Ablation and Neighborhood Dynamics: Importance of Dual-Space Learning

To quantify the contribu-  Table 5: Ablation Study on RNA Property datasets (RMSE=std.).
tions of key components in

D . Model COVID | Ribonanza |  Tc-Ribo |
ualEquiNet, we perform

an ablation study across DualEquiNet 0.353+0.006 0.558+0.123  0.636+0.049
large-sca]e RNA property w/o CSIP 0.356+0.002 0.586+0.016 0.682+0.026
datasets. We evaluate four w/o CSIP/Cross 0.356+0.013 0.591+0.081 0.698+0.010

configurations: (i) the full w/o CSIP/Cross/Dual  0.362+0.010  0.592+0.028  0.699+0.010
DualEquiNet model; (ii)

w/o CSIP, which replaces contextual structure-informed pooling (CSIP) with standard mean pooling;
(iii) w/o CSIP/Cross, which disables cross-space message passing but retains dual-space repre-
sentations; and (iv) w/o CSIP/Cross/Dual, a single-space Euclidean model. As shown in Table
each component enhances performance, with CSIP particularly benefiting the Ribonanza and Tc-
ribo datasets, and the dual-space mechanism notably improving performance on COVID. These
results confirm that combining local and global geometric contexts through dual-space learning and
cross-space communication is essential for generalization.

More experiments about the neighborhood analysis, time complexity analysis, and expressivity on
symmetric structures are in Appendix [D}



5 Conclusion

We introduce DualEquiNet, a novel framework for modeling large biomolecules by hierarchically in-
tegrating Euclidean and spherical harmonics representations across atomic, residue (nucleotide/amino
acid), and molecular levels. DualEquiNet is E(3) equivariant and effectively captures both local
and global structural dependencies. Extensive experiments on real-world datasets demonstrate
state-of-the-art performance over existing geometric GNNs, highlighting the benefits of dual-space
representations and hierarchical learning for large biomolecular modeling. Although DualEquiNet is
effective across diverse tasks, its performance may depend on the quality of input 3D structures, which
can vary across datasets and affect generalization. Future work will explore integrating structure
prediction into the pipeline and extending the framework to broader molecular applications.
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A Related Work

A.1 Invariant GNNs

Invariant GNNs learn molecular representations using rotation-invariant geometric features, ensur-
ing predictions remain unchanged under rigid transformations. SchNet employs continuous-filter
convolutions over interatomic distances to model molecular properties effectively [63]. DimeNet
extends SchNet by integrating angular features, explicitly considering bond angles to capture di-
rectional information [30} 29, 42]. GemNet further enhances expressiveness by utilizing multi-hop
distance—angle interactions, implicitly encoding higher-order geometric features [28]]. SphereNet
incorporates a comprehensive set of invariant scalars, including distances, angles, and torsion angles,
to robustly represent molecular structures [50].

Despite their effectiveness, invariant GNNs inherently lose crucial directional and orientational
information, motivating the development of equivariant models capable of explicitly encoding full
geometric contexts.

A.2 Scalarization Equivariant GNNs

Scalarization equivariant graph neural networks maintain E(3) equivariance by explicitly handling
vector-valued features through scalarized updates. EGNN [62] leverages pairwise distances to
compute scalar-valued messages, enabling direct equivariant updates to atomic positions without high-
order tensor operations. GVPGNN [39] introduces geometric vector perceptrons, managing scalar and
vector embeddings separately and using scalar gating to achieve SO(3)-equivariant transformations.
PaiNN [64]] similarly utilizes scalarized vector updates, applying distance-based filters to coordinate
features, thus ensuring consistent equivariant message passing.

These models share the common technique of scalarization, employing invariant scalars to guide
separate, equivariant updates of vector or positional features. However, scalarization methods
inherently lack the expressive power provided by high-degree spherical tensor representations,
potentially limiting their ability to capture complex rotational relationships and subtle structural
differences in molecular systems [40].

A.3 Higher-degree Equivariant GNNs

CG-based Tensor Product Several equivariant GNNs achieve expressivity by using high-order ir-
reducible representations combined via Clebsch—Gordan tensor products. Tensor Field Networks [69]]
(TEN) introduced this paradigm by building SE(3)-equivariant convolutional layers from CG-based
feature tensor products, enabling rotation-equivariant learning with theoretically maximal expressive-
ness at a significant computational cost. The SE(3)-Transformer [27]] extended TFN by incorporating
a self-attention mechanism on irreducible feature spaces, further improving representation power.
SEGNN [12] construct streeable MLPs by using the tensor product so that formalize an equivariant
message aggregation.MACE [9] uses high-order tensor features to form a complete basis of scalar in-
variants through the Atomic Cluster Expansion, capturing arbitrary many-body interactions. However,
it also incurs significant overhead due to numerous CG tensor product computations.

Efficient Implementation Notably, the reliance on full CG tensor products leads to steep scaling
in complexity (e.g. O(L®) for degree L features). Due to the high computation cost of CG-based
tensor product, more recent approaches aim to retain high-degree expressivity in a more efficient way.
HEGNN [[16]] incorporate higher-degree spherical harmonics features but using EGNN-like inner-
product scalarization trick to handle cross-degree interactions. Similarly, GotenNet [6] introduces
high-order spherical tensor in a unified attention architecture that eschews explicit CG transforms;
instead, it updates features via inner products on steerable tensors. Our DualEqui also follows this
paradigm: it combines spherical harmonic feature channels with dual scalarization steps to capture
rich 3D geometric information while keeping computations tractable.

A.4 Long-Range Dependencies in GNNs

Learning long-range dependencies is a key challenge in graph machine learning, arising from
the fundamental trade-off between under-reaching (i.e., insufficient GNN layers leading to small
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receptive fields) and over-smoothing (i.e., excessive layers causing feature homogenization) [[18,[58].
A variety of benchmarks [24, [/0} |86, [79]] have been proposed to study this problem, along with
several representative solutions, including Implicit Graph Neural Networks (IGNNs) and Graph
Transformers (GTs). IGNNs define message-passing through fixed-point equations [34] 49]] or
unfolded optimization steps [20} 8], allowing stable convergence to an equilibrium state even with
infinite layers. Efforts to improve their scalability have focused on accelerating convergence [19] 8]
and efficient neighbor sampling [48 46], making IGNNs more practical for large-scale applications.
GTs leverage global attention mechanisms [[77, 184 [60]] to capture long-range dependencies while
incorporating structural encodings to preserve graph properties. Recent works have improved their
scalability [[75} 76} 152] and extended their applicability to directed graphs [32}53]], broadening their
impact in graph learning.

B Basics of Group Theory, Equivariance, and Spherical Harmonics

In this section, we provide an introduction to the mathematical background used in this paper. For
readers interested in more details, we refer them to the Guide to Geometric GNNs [23]] and the e3nn
documentation [31]].

B.1 Groups and Symmetry

A group is an algebraic structure consisting of a set & together with a binary operation (composition)
that satisfies four fundamental axioms:

* Closure: For any a,b € &, the composite a - b is also in &.

* Identity: There is an identity element ¢ € & such thate-a = a-¢ = a forevery a € &.

1

« Inverse: For each a € &, there exists an inverse elementa—! € & witha-a ! =al-a=rc.

* Associativity: For all a,b,c € &, we have (a-b)-c=a- (b-c).

Groups are often used to describe symmetries of objects or spaces. For example, the set of all rotations
about a fixed point forms a group, as does the set of all translations in the plane. The symmetries of
an object form a group under composition of transformations.

The Euclidean Group E(3): In geometric deep learning, an important example is the Euclidean
group in three dimensions, E(3), which captures the symmetries of 3D Euclidean space (i.e., all rigid
motions in R?). An element of E(3) can be represented as a pair (R, t) where R is a 3 x 3 rotation
matrix and t € R? is a translation vector. Composition in E(3) is done by composing rotations
and adding translations: (R,t1) - (Rg,t2) = (R1Rs2,; Ryt + t1). This group is essentially the
semi-direct product of translations and rotations. Intuitively, applying an E(3) transformation to a
point € R? yields Rz + t, which is just a rotated and translated version of the point. E(3) is the
symmetry group of any rigid 3D object, meaning that if an object (or a dataset) is moved or rotated in
space, it remains essentially the “same” object — a concept captured by invariance or equivariance
(discussed in B.2). Many physical or geometric tasks exhibit E(3) symmetry. Hence, incorporating
E(3) into machine learning models is a powerful inductive bias [14,43]].

The Rotation Group SO(3): The special orthogonal group SO(3) is the subgroup of E(3) consisting
of rotations about the origin (with no translations). Formally, SO(3) is the set of all 3 x 3 orthogonal
matrices with determinant 1. Every element R € SO(3) represents a rotation in 3D space. SO(3)
plays a central role in describing angular symmetries. For example, the orientation of an object in
space can be changed by an element of SO(3). SO(3) is non-abelian (the order of rotations matters),
unlike the translation sub-group (which is abelian). In many applications (like molecular modeling
or 3D vision), only rotations need to be considered (e.g., when comparing shapes regardless of
orientation), making SO(3) a crucial symmetry group. Models that respect SO(3) symmetry avoid
to learn the same feature in all rotated forms and group-theoretic approaches provide a unified
framework to incorporate such symmetries into neural networks.

B.2 Equivariance and Invariance in Geometric Learning

Equivariance to Euclidean transformations is a desirable property in geometric learning tasks involving
3D molecular structures. Specifically, a function f : X — ) is said to be equivariant with respect to
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a group & (e.g., the Euclidean group E(3)) if, for any transformation g € & and any input € X,
there exists a corresponding transformation g acting on the output space such that

flg-z)=g-f(z) (18)

For E(3), this means that if the input (e.g., atomic coordinates or features) is rotated, translated, or
reflected, the output of the model transforms in a consistent and predictable manner. This property
ensures that the model’s predictions are physically meaningful and invariant to arbitrary choices of
coordinate systems—a key requirement for tasks involving 3D biomolecular data.

To achieve rotational equivariance in 3D, spherical harmonics are commonly used to represent
directional features on the unit sphere. Spherical harmonics form an orthonormal basis for square-
integrable functions defined on the sphere and serve as the irreducible representations of the rotation
group SO(3). A key property of these representations is their equivariant transformation under
rotations. For a unit direction vector & and a rotation matrix R, the spherical harmonics basis of
degree [ transforms according to:

YORa) =DOR) Y (@), (19)

where Y () (.) is the spherical harmonics of degree I, and D (R) € RZHD*(21+1) jg the Wigner
D-matrix corresponding to rotation R.. This property enables the construction of rotation-equivariant
functions by combining SH features with these bases, making them particularly suitable for encoding
angular dependencies in molecular systems. We introduce more background in Appendix

Invariance vs. Equivariance: Invariant functions are a special case of equivariant functions. We say
f: X — Yisinvariant to & if f(g-x) = f(x) for all g € &, i.e. the output is unchanged by the
transformation. This corresponds to equation [18|where the G-action on ) is trivial (identity for all
g). Invariance discards all information about the transformation (losing equivariant detail), whereas
equivariance preserves information in a structured way. Generally, equivariance is more powerful
than invariance when building deep representations because it allows higher layers to reason about
what transformation occurred, not just that something is symmetric.

B.3 SH Space Captures Global Information

Spherical Harmonics (SH) provide an orthonormal basis for functions defined on a sphere, similar
to how the Fourier series represents periodic functions. In this section, we draw a parallel between
Fourier decomposition in one dimension and SH expansion on the sphere, highlighting how increasing
the expansion order refines function approximation and why SH captures global structural information.

B.3.1 Fourier Series vs. Spherical Harmonics

A well-known tool for analyzing periodic functions is the Fourier series, which decomposes a function
into a sum of sinusoidal components. Given a periodic function f(x) defined on = € [—m, 7], its
Fourier series expansion is:

o0
f@) =ao+ > (an cos(nz) + by sin(nz)), (20)
n=1
where the coefficients are computed as:
1 (" 1 (7
ap = — f(z)cos(nx)dx, b, =— f(z) sin(nx) dz. 21
0 ™

—Tr —Tr

By truncating the expansion at order N, we obtain an approximation:

N
fapprox (€) = ap + Z (ayn cos(nzx) + by, sin(nx)) . (22)

n=1

As N — o0, the approximation converges to the true function f(x). In this representation:

¢ Low-frequency terms (n = 1, 2) capture smooth, large-scale structures.
* High-frequency terms (n >> 2) refine the function by encoding local variations.
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Analogously and Intuitively, SH expansion generalizes this idea to functions defined on the sphere.
For a function f(6, ¢) defined on the unit sphere, the SH decomposition is:

0o l
Z Z c(l)y(l) (23)
=0 m=—1
where the coefficients are obtained via:
c) = RIS ¢V, (6, ¢) sin 6 db dg. (24)

Truncating the expansion at order L provides an approximation:

Fapprox (0 Z Z Dy D0, ¢). (25)

As L — oo, this converges to the true function f(6, ¢). The role of L in SH is similar to N in Fourier
analysis:

* Low-degree terms (I = 0, 1, 2) capture smooth, global variations.

¢ High-degree terms (! > 2) encode fine-grained local details.

B.3.2 Why Spherical Harmonics Capture Global Information

Spherical harmonics enable long-range information encoding because they provide a global basis
rather than relying on local neighborhoods. Unlike message-passing GNNs, which aggregates
information only from spatially close neighbors, SH representations allow direct interactions between
distant nodes that share similar SH coefficients.

(¢, m) = (0, 0)

. m)=(1,-1) A m) = (1, 0) &,m=(1,1)

WEm

(8, m) =(2,-2) (2, m) - (2,-1) A m) = (2,0) (*, m) (2,1) . m)=1(2,2)

I
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—
' .
VTR et - e
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Figure 2: Visualization of real Spherical Harmonics tableﬂ

Figure [2] provides a visualization of the first few real-valued Spherical Harmonics. The figure
illustrates how the functions oscillate across different degrees. Lower-degree harmonics (/) exhibit
slower variations, while higher-degree harmonics demonstrate more rapid oscillations along the axes,
reflecting their ability to capture different scales of geometric features. To be more specific, when

e [ = 0 (Monopole): Captures the global molecular shape.

'Image source: Wikipedia
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e | =1 (Dipole): Represents molecular orientation.
¢ | = 2 (Quadrupole): Encodes bond angles and torsional interactions.

 Higher [ values: Capture localized atomic-scale interactions.

Since low-degree SH functions change gradually, functions dominated by low-degree SH terms
exhibit long-range correlations, as information propagates smoothly across extended regions of the
domain.

Mathematical Justification. The SH functions are eigenfunctions of the Laplace-Beltrami operator:

AV, = —1(1+ 1)y, Y. (26)

Since the eigenvalues —I(I+41) control how rapidly the functions oscillate, low-degree SH components
(I = 0,1, 2) vary slowly and thus retain long-range structural features.

SH-Based Neighborhoods Enable Long-Range Dependencies. In our framework, nodes interact
based on the similarity of their spherical harmonics (SH) feature representations, independent of their
Euclidean spatial distance. This enables two spatially distant nodes to have strong interactions if they
share similar local geometric environments (e.g., comparable bond angles and torsions with their
respective neighbors), as captured by their SH representations.

Traditional message passing in molecular graphs is inherently local, where information propagates
only between spatially adjacent nodes. To capture long-range dependencies, these methods require
multiple message passing steps, which can be computationally expensive and may lead to information
dilution.

Our SH-based approach naturally encodes global structural dependencies while maintaining computa-
tional efficiency. This is possible because low-degree spherical harmonics have broad spatial support,
creating smooth, global basis functions that span large regions of the molecular structure. As a result,
nodes with similar SH coefficients maintain strong correlations regardless of their spatial separation.

This framework effectively captures long-range molecular interactions without requiring explicit long-
range message passing, as the similarity in SH representations automatically establishes meaningful
connections between distant nodes that share similar local geometric environments.

C Proof of Equivariance

In this section, we formally demonstrate the E(3)-equivariance property of our proposed DualEqui
model. Specifically, we begin by proving the invariance property of the message functions, showing
that they are built upon fundamental invariant quantities. Next, we analyze the forward computation
of the DualEqui model and establish the equivariance property.

Notations. In this proof, we let X € R >3 represent the set of all input 3D atomic coordinates,
where each row x; € R3 (fori € {1,---, N}) corresponds to one specific atomic position within X .
We represent an arbitrary E(3) transformation using a rotation matrix R € R3*3 and a translation
vector t € R3.

For convenience, we let z be an arbitrary intermediate variable in our model computation (e.g.,
message m gy ;; in Eq. (8)). Occasionally, we adopt a functional notation, expressing it as a function
of all input 3D coordinates, i.e., z(X). This allows us to denote the model output under E(3)
transformations as z(RX + t) and verify whether equivariance or invariance holds. By default,
we consider the original non-functional form of intermediate variables z as shorthand notation for
z(RX +t), where R =Tand t = 0.

C.1 Basic Invariant Quantities

The equivariance of the DualEqui model is grounded in the invariance of several fundamental
quantities. Our message functions in Eq. (8)) and Eq. (I0) are computed using two basic invariant
quantities, whose invariance is shown below.
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Euclidean Distance |x;;|. Let x;,x; be any pair of 3D coordinate vectors. When an E(3)
transformation is applied to both x; and x;, the Euclidean distance is invariant due to the orthogonality
of rotation matrices:

[(Ra; +t) — (Ra; +t)|| = [[R(zi — ;)|
= \/ i — X JTRT - R(z; ;i — ;)
= |lzi — x|

= ||i;]|-

Spherical Harmonics Feature r; © ;. To show the invariance of r; © 7, we first consider the
equivariance of an arbitrary 7! for node i € {1,--- ,N} and order I € {0, ,l,42 } under E(3)
transformations. Specifically, we have:

rVRX +t) = 1 > o ([hi by, Rz l]) Y (Raj)

WNeo ()] e

1
= —— h“h R i Yl
|NEU(Z')|]@\%J()¢0 izl DOR)Y (&)
1 A
‘NEU(Z)‘ JeNm () J J J

-pno @7)

where D (R) denotes the [-th order Wigner-D matrix, which denotes the irreducible repre-
sentation of the rotation group SO(3). Specifically, all the Wigner-D matrices are unitary, i.e.,
DOR)TDOR) =1

Thus, Since Eq. " already establishes that
0 1 lmaz

We can then directly obtain

ri(RX +t) = [DOR)r”, DO R)r{),.. Dlmes) (R)r (o)),

(2

Therefore, Since the Wigner-D matrices are unitary, the invariance of r; © r; follows:

’I"Z‘(RX + t) O] Tj(RX + t)

= {(rg‘))D(O)(R))T. (D<0>(R)r§°)) ,(rgzma D(z,,w)(R))T (Dumw)(R) ]>)]
= [Tty Tl
=7r;OT;.

C.2 Invariance of Message Functions

Based on the invariance of the above quantities, the invariance of the message functions follows
directly from their definitions. Recall Eq. () and Eq. (T0):
MEU,ij ‘= U ([P, hj, ||wa|H) )
msw,ij = ¢pvu ([hi, hj, i © 1)),
Meu—sH,i; = Veu—sa([ri ©r;, ||zi;|]]),
MsH—E,ij = Ysa-pu([r: © ), ||zi]]).

Since h; and h; are transformation-invariant scalars, and all the message functions use only invariant
quantities (]|&;;|| and r; © 7;), we conclude that all the message functions are invariant.
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C.3 Equivariance of the DualEqui Model

We now prove that the entire DualEqui model is equivariant with respect to E(3) transformations.

Initialization. In DualEqui, each node ¢ is represented by two types of coordinate vectors: x; in
Euclidean space and r; in Spherical Harmonics space. The equivariance of x; is immediate, and, as
shown in Eq. (27), each 7! is equivariant. Hence, the initialized node representations are equivariant.

Euclidean Space Update. In Euclidean space, we update the scalar features h; and the position
vector x; using updates Ah gy ; and Az gy ;. The scalar update is given by Eq. (8):

K
1 k k k k
Ahpy,; = K E Pupd, EU hs, @ QRU,ij ¢EU,h(mEU,ij) + @ BEU,iwaU,h(mSH%EUJj)
k=1 JENEU (i) JENsH (1)

with attention scores defined as:
k k k k
Qpy,ij *— 0 (¢EU,att(mEU,ij)) ) 5EU,ij =0 (wEU,B(mSHﬁEJj)) .

Since these computations involve only invariant quantities, Ah gy, ; is invariant.

Similarly, the position update from Eq. (@) is:

K
1 k k
Arpus = 3 > P by bsva (mevi) @i+ D BhuiYEve(msn g
k=1 \jeNEu (i) JENsH (1)

Under an E(3) transformation, the scalar weights are invariant and the aggregation & (i.e., sum or
average) is linear, hence:

AmEU,i (RX —+ t) = RAmEU’i,

which proves that Az gy ; is equivariant.

Spherical Harmonics Space Update. In Spherical Harmonics space, we update the scalar features
h; with Ahgp ; and then update the Spherical Harmonics features r; with Ar gz ;. The scalar update
is defined in Eq. as:

1 k k k k
Ahsp,i = 2= Z Dupd.sH | | i, @ agmij Psmn(Mmsh,ij) + @ Bsm,ij¥sn(MEU-5H,ij)
k=1 JENsH (D) JENEU (4)

where the attention scores are defined as:
k _ k k _ k
aSpii = 0 (Osmrane(msmig)) s Bsmi; =0 (Vs p(mpussmas)) -
As these updates involve only invariant message functions, Ahgy ; is invariant.
For the Spherical Harmonics feature update, we have from Eq. (T2):

K

1 N a
Arsp = 174 Z @ oy iiOsmr(Msmij)r; + @ Bém.iUsHr(mpu—smi)Y (&) |
k=1 \j€ENsH (i) JENEU (i)

where both r; and f/(a:ij) are equivariant, transforming under the block diagonal concatenation
concatenation of all Wigner-D matrices [D(®)(R), DV(R), - - - , DUmaz)(R)]. Therefore,

Arspi(RX +t) = [DO(R), DV (R),- -, D"me=)(R)] Arsp s,

which shows that Ar g ; is equivariant.
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Cross-space Interaction Pooling. In the cross-space interaction pooling stage, we use a biomolec-
ular structure-aware hierarchical pooling strategy to aggregate nodes within a cluster C' in both
Euclidean space (x’) and Spherical Harmonics space ('), along with scalar features h’. Since the
scalar features are invariant, we focus on the pooling in both vector spaces. For the Euclidean space
pooling in Eq. (T3)), we have:

' (RX +1t) |C’| ZO‘Z Rx; + v - Projgy (ri(RX +1t)))

i€C

~ 0| Z% (le +- ZWIID YR 1||R:vv>
i€C

|C| Zal (sz +- Zler |sz>
ieC =1
R (Zal (“”” Z‘”"”“”))

i€C
=Ra/,

where D) (R)) denotes the I-order Wigner-D matrix.
Similarly, for the Spherical Harmonics space pooling in Eq. (T6):

r(RX +1t) \C| Zal ri(RX +t) + € Projp;(Rx; + t))
ieC
=i LS (riRX +6) + - V(R(®: — @ny)))
e
_ 6 S i (DR)rs + € DR)Y (1 — )
icC
= D(R) . ﬁ (ZC (67 (7’1' +e€- Y(:B, — mavg))>
= DR)r’

where D(R.) denotes the block diagonal concatenation of all Wigner-D matrices, i.e., D(R) :=
[DO(R), DD(R), -+, DUmaz)(R)]. Specifically, Zayg := ﬁ > icc Ti in the equation above
denotes the center of all input 3D coordinates, and preserves the translation invariance.

To summarize, we have shown that all node position vectors x; and r;, and their updates, are equiv-

ariant, and that the pooling operations preserve this equivariance. Thus, traversing the entire model
structure of DualEqui, we conclude that DualEqui is equivariant with respect to E(3) transformations.

D More Experiments and Details

D.1 rnaglib Datasets Performance

We conduct additional experiments on the RNAGo and RNAProt datasets from rnaglib [78]], shown
in Table[6] DualEquiNet achieves state-of-the-art performance on the datasets, further validating its
effectiveness.

D.2 Comparison with Long-range Baselines

To separate the performance gains and provide stronger evidence of the effectiveness of the proposed
method, we compare the performance with models that are made for long-range tasks and also use a
dual-space design. Specifically, we select Neural Atoms [47] and Ewald-based message passing [44]
and show their performance in Table
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Table 6: Performance comparison on RNAGo and RNAProt datasets.

Model RNAGo (Jaccard Index ) RNAProt (Accuracy 1)
SchNet 0.613+0.020 0.70940.005
EGNN 0.646+0.060 0.72040.009
GVPGNN 0.63240.048 0.71040.005
TFN 0.65140.185 0.69740.005
FastEGNN 0.527+0.159 0.718£0.010
HEGNN 0.66140.038 0.7354+0.016
GotenNet 0.5554+0.170 0.70940.006
DualEquiNet 0.681+0.047 0.749+0.015

Table 7: Performance comparison with long-range baselines. (RMSE#std.)
COVID Ribonanza Tc-Ribo
Reactivity pH10 Mg pH10 Avg. DMS 2A3 Avg. Factor

SchNet + Ewald 0.392+£0.004  0.583+£0.010 0.459+0.008 0.478+0.009 0.84540.020 0.88440.002 0.865+0.014 0.736+0.004
SchNet + Neural Atom  0.409+0.004  0.596+0.009 0.481+0.006 0.495+£0.008 0.854+0.015 0.919£0.009 0.88640.012  0.72640.002
Dimnet + Ewald 0.403+£0.005  0.594+0.006 0.480£0.004 0.492+0.005 0.8284+0.011 0.8961+0.011 0.8624+0.003 0.67610.044
Dimnet + Neural Atom  0.411£0.009  0.602+£0.016  0.48940.013  0.501+0.015 0.82540.010 0.89240.013 0.8594+0.005 0.679+0.006
DualEquiNet 0.27240.004  0.448+0.010  0.340+0.005 0.353:£0.006 0.611+0.025 0.505+0.024 0.558+0.012  0.636+0.049

Method

D.3 Neighborhood Analysis

To better understand how DualEqui captures both local and global geometric contexts, we analyze
how neighborhoods evolve across layers in the EU and SH spaces. We use the experiment of
DualEqui with 4 atom layers on the Covid Vaccine dataset as a case study. At each layer, EU and
SH neighborhoods are dynamically redefined based on updated 3D coordinates and SH features,
respectively. We compute 4 statistics:

(1) the average distance of coordinates between each node and its EU neighbors;

N,
1 atom 1
disgy = 3 Y e e
Natom ; Weu (1)) je/\%;(i) J

(2) the average coordinates distance between each node and its SH neighbors;

Na om
. 1 d 1
dissg =

- i T;— T (29)
Natom i—1 ‘NSH(Z” Z ” ]”

JENsH ()

(3) the average cosine similarity of SH features between each node and its EU neighbors;

1 Natom 1 e
)
COSpy = —— — Z T (30)
Natom = |NEU(Z)| JeNmU () ||TZ|| : ||T]||
(4) the average cosine similarity of SH features between each node and its SH neighbors.
| Natom 1 -
co0Sgy = — Z —_— Z —t (3D
Natom P Vs (1) JENs (D) [7ill - (7l

The distances of coordinates are plotted in Fig. [3(a), and the cosine similarity of SH features are
plotted in Fig. 3(b). Results reveal that the average distance of EU neighbors (disgy) and the SH
features cosine similarity of SH neighbors (cosgy) remain stable across layers. This behavior is
expected since EU neighborhoods are constructed using a fixed cutoff d gy based on spatial proximity,
while SH neighborhoods are selected using a threshold dgy on SH feature cosine similarity. In this
experiment, we use dpy = 4.8 and dgy = 0.97.

In contrast, we observe clear trends in the other two metrics. The average coordinates distance of SH
neighbors (diss ) decreases significantly over layers (Fig[3|(a), orange line), indicating that nodes
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Figure 3: (a) Left: Average distance variation of EU and SH neighborhoods across layers. (b) Right:
Average similarity variation of EU and SH neighborhoods across layers.

with similar SH features—which initially may be far apart in EU space—gradually become closer in
Euclidean distance. This trend reflects the impact of the cross-space update in Eq[9)and [I2] When we
update the SH features 7, we also consider the EU coordinates, which brings distant SH neighbors
closer in EU space. In practice, we can imagine the scenario in biomolecules where spatially distant
residues can interact through folding.

Meanwhile, the SH features cosine similarity of EU neighbors (cosgrr) drops across layers (Figb),
green line), implying that while EU neighbors may remain close in EU space, their SH features
increasingly diverge. According to Eq2] the SH neighbors are initialized according to the EU
neighbors at first and therefore have a higher similarity score. But after several layers, the SH features
are updated to differentiate local nodes based on their broader geometric context or functional roles.
This is relevant in structured biomolecules where nearby atoms may belong to different residues or to
distinct structural regions.

Thus, the observed dynamics validate the model’s dual-space architecture: SH space helps bridge
distant but functionally related parts of the molecule, while EU space preserves local geometry but
allows for semantic diversity.

D.4 Expressivity on Rotationally Symmetric Structures

An L-fold symmetric structure is one that remains unchanged under rotation by 360° /L, exhibiting
identical appearance at each of L evenly spaced angles around a central axis. Joshi et al. [40]
demonstrate that spherical tensors of order L cannot discern the orientation of structures with a
rotational symmetry greater than L-fold.

Table 8] presents the performance of various models on the L-fold symmetry classification task for
L = 2,3,5, and 10. As expected, SchNet, EGNN, and FastEGNN fail to solve the task across
all settings due to their lack of higher-order spherical tensors. TFN and HEGNN exhibit correct
behavior when equipped with sufficiently high spherical harmonic order (e.g., lax > 2), aligning
with theoretical expectations from GWL test.

DualEqui achieves similarly expressive results. When [, > 2, it consistently attains 100% accuracy

when L < [,,,., matching the expressive power of TFN/HEGNN.

D.5 Computational Efficiency Analysis

To assess the computational efficiency of DualEquiNet, we compare the training time per epoch and
memory usage across several baseline models, as shown in Table[9] While DualEquiNet introduces
additional overhead due to its dual-space message passing and spherical harmonics computations,
it remains significantly more efficient than high-order tensor-based models like TFN, with training
time comparable to FastEGNN and GotenNet. This demonstrates that our design strikes a favorable
balance between computational cost and model expressivity, enabling scalable training on large
biomolecular systems.
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Table 8: The expressivity in the L-fold task with L = 2, 3, 5, 10. Anomalous results are highlighted
in red and expected in green . DualEqui using the high-order spherical harmonic features is as
expressive as TFN and HEGNN.

Folds L = 2 3 5 10

SchNet 50.0+0.0 50.0+0.0 50.0+0.0 50.0+0.0
EGNN 50.0+0.0 50.0+0.0 50.0+0.0 50.0+0.0
GVPGNN 91.5+18.8 50.5+5.0 66.5+23.5 50.0+0.0
FastEGNN 50.0+0.0 50.0+0.0 50.0+0.0 50.0+0.0
TFEN/HEGNN [,,,0. = 1 50.0+0.0 50.0+0.0 50.0+0.0 50.0+0.0
TFN/HEGNN ;00 = 2 100.0+0.0  50.0+0.0 50.0+0.0 50.0+0.0
TFEN/HEGNN 0,02 = 3 100.0+£0.0 100.0+£0.0  50.0+0.0 50.0+0.0
TFN/HEGNN 00 = 5 100.0+0.0  100.0+0.0 100.0+0.0  50.0+0.0
TFEN/HEGNN [,,,0. = 10  100.0+0.0 100.0+0.0 100.0+0.0  100.0+0.0
DualEqui 4, = 1 50.5+5.0 50.0+0.0 50.0+0.0 50.5+5.0
DualEqui U0, = 2 100.0+0.0  50.0+0.0 63.5£22.2  95.5+14.3
DualEqui 4, = 3 100.0+£0.0  100.0+0.0 55.0«15.0  60.0+20.0
DualEqui ;0 = 5 100.0+0.0  100.0£0.0 100.0+0.0  50.0+0.0
DualEqui l,,4, = 10 100.0+£0.0 100.0£0.0  100.0+0.0 100.0+0.0

Table 9: Training time and memory usage of each model.
Model Train Time (s/epoch) Memory (MB)

SchNet 4.361 628
EGNN 6.240 608
GVPGNN 11.172 10160

TFN 56.235 43970
FastEGNN 11.755 1954
HEGNN 6.320 1232
GotenNet 10.332 5894
DualEqui 10.990 2436

D.6 Datasets Details

COVID Vaccine The OpenVaccine COVID-19 dataset [[74] consists of 4,082 synthetic RNA
sequences, each 107-130 nucleotides long. It was developed to support the predictive modeling of
RNA stability for mRNA vaccine development. Each nucleotide is annotated with three quantitative
properties: reactivity, degradation under pH10, and degradation under Mg pH10 conditions. These
measurements reflect how susceptible each nucleotide is to chemical degradation and serve as
surrogates for RNA structural stability. Sequences with low signal-to-noise ratio (SNR < 1) are
filtered out to ensure label reliability, following prior best practices. This dataset is especially suited
for testing fine-grained, residue-level predictions. In our experiments, we infer the 3D atomic structure
for each sequence using RhoFold [63]].

Ribonanza The Ribonanza-2k dataset [37] includes 2,260 RNA sequences, each around 177
nucleotides in length, annotated at the nucleotide level with reactivity values obtained from two
chemical probing agents: DMS and 2A3. These chemical modifications reflect the accessibility and
flexibility of each nucleotide, thereby encoding aspects of RNA’s secondary and tertiary structures.
The labels thus capture nuanced differences in base-pairing and folding landscapes across diverse
RNA sequences, making the dataset a benchmark for modeling structural flexibility.

Tc-Riboswitches The Tc-Riboswitches dataset [33] consists of 355 mRNA sequences, each 67-73
nucleotides long, paired with graph-level regression labels reflecting gene regulatory behavior in
response to tetracycline binding. Specifically, the label represents the expression shift induced by
the presence of a tetracycline switching factor, an RNA-based synthetic regulatory system widely
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Table 10: Dataset Statistics.
COVID Ribonanza  Tc-Riboswitches RNASolo SASA mRFP Protein SASA  TorsionAngle

Task Level residue-level  residue-level graph-level residue-level graph-level residue-level
reactivity &

Target d f reactivity switching factor SASA Value SASA Value torsion angles
egradation
# Sequences 4082 2260 355 1018 718 1018
Sequence Length 107 - 130 177 66 - 75 10 - 400 216 - 217 10 - 400
# Labels 3 2 1 1 1 7
# Avg. Atoms 363 531 216 249 649 249

studied in gene therapy and synthetic biology. Unlike COVIDVaccine and Ribonanza, which have
residue-level labels, Tcribo focuses on sequence-level prediction, allowing evaluation of how local
structure aggregates into global function.

RNASolo SASA The SASA dataset consists of RNA structures annotated with Solvent-Accessible
Surface Area (SASA) values for each nucleotide. SASA quantifies the extent to which each nu-
cleotide is exposed to solvent, providing important insights into RNA folding, stability, and interaction
potential. We compute per-nucleotide SASA values by aggregating atomic-level SASA from experi-
mentally resolved PDB structures in the RNASolo database [2]]. These values are extracted using
DSSR, which internally implements the Shrake and Rupley algorithm [66]. This method models
solvent accessibility by rolling a spherical probe over the van der Waals surface of each atom, and
then estimating the exposed area based on point sampling. The resulting SASA values reflect the 3D
packing and surface topology of RNA molecules. Unlike earlier tasks focused on sequence-derived
stability, RNASolo-SASA emphasizes the role of 3D structural precision and surface geometry. The
dataset includes a diverse set of RNA structures with variable lengths and topologies.

mRFP Protein SASA We utilize the mRFP protein dataset introduced by Stanton et al.[68]
for the task of SASA prediction. This dataset was designed as part of a realistic large-molecule
sequence design benchmark, aiming to simulate practical protein engineering objectives, consisting of
approximately 200-residue red fluorescent proteins (RFPs), where each protein sequence is annotated
with ground-truth SASA values. We randomly select 718 proteins and the ground-truth 3D structures
are predicted by AlphaFold2 [41].

TorsionAngle The TorsionAngle dataset is designed to assess a model’s ability to recover fine-
grained structural geometry by predicting residue-level torsion angles, including backbone and
glycosidic dihedrals. These angles—such as «, 3,7, 6, €, (, and y—are crucial descriptors of RNA
conformation and govern higher-order folding. We extract these angles from RNA structures in the
RNASolo database also using the DSSR, which computes torsions directly from atomic coordinates.
Each sample in the dataset contains the full 3D atomic structure and a set of seven torsion angles
per nucleotide. Because RNA torsions are sensitive to both local backbone rigidity and global
conformation, this dataset provides a challenging test for models to capture both short-range and
long-range structural dependencies. All angles are normalized into the range [—180°,180°], and
training uses a circular MAE loss described in Section [4.4]

Here, we summarize all the datasets in Table [T0}

D.7 Comparison of Baselines

SchNet is an invariant GNN using continuous-filter convolutional layers based on pairwise distances
expanded in radial bases. It employs only scalar features, making predictions rotation- and translation-
invariant. It lacks higher-order directional features and handles long-range interactions primarily
through stacking layers or increasing cutoff distances.

EGNN achieves E(3)-equivariance by scalarizing messages computed from pairwise distances
and features to scale relative position vectors, updating Cartesian coordinates. Unlike SchNet, it
explicitly uses first-order geometric (Cartesian) features, capturing directional information. Long-
range interactions are possible via dense connections, though it can become computationally expensive
for large systems.
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GVPGNN maintains separate scalar and Cartesian vector features, updating them with an equivariant
vector perceptron that couples vector updates with scalar invariants. This ensures SE(3)-equivariance
and improves geometric expressiveness over EGNN. It remains constrained to first-order Cartesian
vectors and, like EGNN, relies on standard message passing for long-range information.

TFN utilizes spherical harmonics and Clebsch—Gordan tensor products to explicitly represent higher-
order geometric correlations, achieving rigorous SE(3)-equivariance. While highly expressive, TFN’s
complexity is significantly greater than scalar-based methods. It primarily captures local interactions,
with long-range interactions requiring deep stacking or additional global modules.

FastEGNN extends EGNN by incorporating virtual nodes that aggregate and distribute global
information, enhancing long-range communication without substantially increasing computational
complexity. It preserves EGNN’s E(3)-equivariance and Cartesian features, improving efficiency on
larger or more distant interactions while maintaining EGNN’s directional limitations.

HEGNN enhances EGNN’s framework by integrating higher-order spherical harmonic features
(beyond first-order vectors). It scalarizes tensor interactions for computational efficiency, achieving
improved geometric expressiveness. While computationally manageable, it remains primarily focused
on local interactions unless combined with specialized long-range mechanisms.

GotenNet employs geometry-aware attention with learned higher-order Cartesian tensors, avoiding
explicit spherical harmonic computations while maintaining E(3)-equivariance. Its attention mecha-
nism efficiently captures long-range interactions and high-order geometric patterns, combining the
benefits of expressive tensors with scalable global communication.

Table 11| summarizes key properties of baseline models in terms of equivariance, feature represen-
tation, spherical harmonic usage, and ability to model long-range interactions. While many recent
models achieve E(3)-equivariance, they differ in expressivity and scalability. Invariant models like
SchNet rely solely on scalar features and lack the capacity to model directional or long-range depen-
dencies. Scalarization-based equivariant models such as EGNN and GVP-GNN use Cartesian vectors
but are limited to local neighborhoods. High-order methods like TEN offer expressive SH-based
tensors but suffer from inefficient tensor product calculations. In contrast, HEGNN, GotenNet,
and DualEqui provide efficient SH updates, with DualEqui and FastEGNN uniquely supporting
long-range modeling. DualEqui stands out for combining spherical representations with long-range
communication, enabled by its cross-space design.

Table 11: Comparison of baseline geometric GNN models. “Long-Range” indicates whether the
model has a built-in mechanism to capture long-range interactions efficiently. Designs with higher
expressivity or efficiency are highlighted in green .

Model Equivariance Feature Type Efficient SH Update Long-Range
SchNet Invariant Scalar X
EGNN Equivariant Cartesian X
GVP-GNN Equivariant Cartesian X
TFN Equivariant Spherical X X
FastEGNN Equivariant Cartesian v
HEGNN Equivariant Spherical v X
GotenNet Equivariant Spherical v X
DualEqui Equivariant Spherical v v

D.8 Reproducibility

All experiments in this work are conducted under unified and controlled conditions to ensure fair
comparison and reproducibility. For each dataset, we adopt an 8:1:1 split for training, validation, and
testing. All reported results are averaged over 5 independent random splits, with standard deviations
included. For each run, the best-performing model is selected based on validation set performance
and evaluated on the test set. Our implementation is built on PyTorch and PyTorch Geometric [25]].
All code and datasets will be publicly available upon acceptance.

We apply consistent hyperparameter tuning for all models—including baselines and our DualE-
qui—using the Optuna [3]] framework with 100 trials per method. Search spaces and best config-
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Table 12: Optimal hyperparameters of DualEqui on each dataset.

Dataset Covid Ribonanza Tcribo RNASolo SASA  mRFP Protein SASA  TorsionAngle
Latom 4 1 3 4 1 3
L 3 4 3 1 1 4
# heads 2 8 4 6 3 5
hidden 72 128 84 150 174 140
atom dgy 4.82 393 3.03 10.44 3.68 8.93
residue d gy 26.4 30.61 122.64 47.02 116.39 4245
Ir 0.0030 0.0015 0.0002 0.0002 0.0005 0.0013
weight decay 1.37e-6 5.65e-8 1.17e-7 1.37e-5 3.00e-7 2.10e-7
lmaa: 2 2 2 2 3 3
atom dgs 0.97 1.0 0.95 1.00 0.96 0.99
residue dsp 0.97 0.95 0.92 0.95 0.95 0.91
batch size 32 25 32 16 16 16
epochs 1000 1000 1000 1000 1000 1000

urations are detailed in Appendix D.5. To ensure consistency, we fix random seeds for all runs
(PyTorch, NumPy, CUDA) and repeat each experiment across 5 different seeds. All experiments
were conducted on a single NVIDIA A6000 GPU with a number of parameters limit up to 4 x 106.

In Table we provide our searched optimal hyperparameters of DualEqui on each dataset. More
detialed training scripts will be released with the code.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The claims in the abstract and introduction clearly reflect the method’s dual-
space design, hierarchical modeling, and strong benchmark performance.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: The paper discusses model limitations in Conclusion.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justification: The paper includes a formal proof of equivariance in Appendix to support
theoretical claims.

Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.

The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The experimental details are revealed in Appendix, including the optimal
hyperparameter

Guidelines:

The answer NA means that the paper does not include experiments.

If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]
Justification: All code will be released upon acceptance.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: All of them are mentioned in experimental details.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: All experiment results come with standard deviation.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)
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8.

10.

* The assumptions made should be given (e.g., Normally distributed errors).

e It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: All of them are mentioned in experimental details.
Guidelines:

* The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: The paper is with the NeurIPS Code of Ethics
Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: The work focuses purely on methodological and scientific advancements in
molecular modeling, without direct societal or ethical implications requiring discussion.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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11.

12.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: The proposed model and datasets do not pose high risk for misuse.
Guidelines:

» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: All of them are cited and credited.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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13.

14.

15.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: The paper introduces two new benchmark datasets, with detailed descriptions
provided in Section 4 and Appendix D.4. The new datasets will be released together with
the code.

Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: There is no human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: The study does not involve human participants and thus does not require IRB
approval or risk disclosure.

Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

35



* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The LLM is used only for writing, editing, or formatting purposes and does
not impact the core methodology, scientific rigorousness, or originality of the research,
declaration is not required.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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