ICLR 2026 Workshop on Al and Partial Differential Equations (AI&PDE)

EQGINO: EQUIVARIANT GEOMETRY-INFORMED
FOURIER NEURAL OPERATORS FOR 3D PDES

Sungwon Kim'® Juho Song'® Seungmin Shin?#
Guimok Cho?® Sangkook Kim?>® Chanyoung Park! &+

IKAIST 2LG Electronics

ABSTRACT

Deep learning surrogates for 3D Partial Differential Equations (PDEs) often fail
to generalize across geometric transformations because they depend heavily on
specific coordinate systems. While equivariant networks offer a solution, they
typically rely on local operations in the spatial domain, making the global recep-
tive field—essential for PDE dynamics—computationally expensive. Conversely,
Fourier Neural Operators (FNOs) efficiently capture global interactions, yet estab-
lishing 3D equivariance within them remains impractical due to the prohibitive
cost of spectral group convolutions. To bridge this gap, we introduce EqGINO, a
geometrically robust framework that enforces isotropy in the spectral domain. By
design, EQGINO guarantees exact equivariance to the discrete symmetries inherent
to the discretized computational domain. Beyond this discrete guarantee, our struc-
tural prior enables effective generalization to arbitrary continuous orientations even
with a limited number of SE(3)-transformed training samples. Consequently, our
method robustly models coordinate-invariant physical laws on complex irregular
3D geometries. Our code is available at this URL.

1 INTRODUCTION

Solving Partial Differential Equations (PDEs) provides a powerful framework for simulating the
physical laws governing the real world. These simulations play a critical role in various fields,
including structural engineering (Whalen et al.|[2021), material science (Zhang et al.,2018]), industrial
manufacturing (Pfaff et al., 2020), and robotics (Makoviychuk et al.;2021). However, solving PDEs
is inherently challenging. While numerical methods (Klocke et al.| 2002 |[Felippa), |2004)) based on
discretization have traditionally been the standard, they suffer from high computational costs and
slow execution times, severely limiting their applicability in real-time and large-scale scenarios.
Consequently, deep learning-based surrogate models (Li et al.,[2020b; 2023} |Wu et al., [2024; Kim
et al.,|2025) have emerged as a promising alternative, capable of rapidly approximating PDE solutions
and overcoming the bottlenecks of traditional solvers.

Despite this potential, a fundamental disparity persists between the intrinsic coordinate-invariance
of physical laws and the coordinate-dependent nature of current neural models (Park & Kang,
2024; |Li et al., 2023} 2020bja; Wu et al., 2024). Governing equations, such as the Navier-Stokes,
remain valid regardless of the observer’s reference frame. In contrast, many state-of-the-art models
heavily rely on Cartesian coordinate inputs to facilitate training. While providing such positional
information stabilizes optimization for fixed tasks, it inevitably biases the model toward canonical
orientations, causing it to overfit to the training coordinate system rather than learning the underlying
physical dynamics. Consequently, these models struggle to generalize when initial conditions or
geometries undergo rigid transformations—such as rotation or translation—severely compromising
their reliability in dynamic, real-world environments.

While equivariant architectures offer a promising solution to mitigate coordinate dependency, par-
ticularly those grounded in geometric deep learning, they were not originally designed to address
the unique challenges of PDE solving (Satorras et al.l [2021; Trang et al., [2024). That is, their
reliance on local message passing inherently restricts their receptive fields, rendering them less
suitable for modeling the long-range, global interactions fundamental to physical dynamics (Li et al.|
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2018; |Alon & Yahav, [2020). On the other hand, Fourier Neural Operators (FNOs) (Li et al., 2020b)
operating in the spectral domain offer distinct advantages, such as the inherent ability to capture
global correlations. Furthermore, the spectral domain provides a natural representation for differential
operators, transforming complex convolutions and derivatives in physical space into simple pointwise
multiplications (L1 et al., |2020bj [Trefethen), |2000). This property facilitates precise modeling of
PDE dynamics with reduced discretization errors compared to conventional local difference schemes
(Trefethen) 2000; Boyd, |2001). However, establishing 3D equivariance within this domain remains
underexplored. While a recent study has addressed this in 2D (Helwig et al.,|2023), extending such
methods to 3D entails prohibitive computational costs due to the complexity of 3D spectral group
convolutions. Given the practical demand for 3D simulations, there is a pressing need to investigate
efficient, equivariant modeling in the 3D spectral domain for large-scale applications.

To address these challenges, we propose the Equivariant Geometry-Informed Fourier Neural Operator
(EqGINO), a framework designed to bridge the gap between 3D equivariance and computational
efficiency in 3D spectral modeling. While leveraging the structural backbone of GINO (Li et al.|
2023)—which enables global spectral analysis on arbitrary geometries via the Fast Fourier Transform
(FFT)—we fundamentally redesign the core processing units, originally based on the GNO (Li et al.|
2020a) and FNO (Li et al., 2020b)), into two standalone equivariant modules: the EgGNO and EqFNO.
Specifically, the EQGNO serves as a geometric operator for processing unstructured geometric inputs
under global rigid transformations, whereas the EQFNO functions as a general-purpose equivariant
backbone for 3D grid-based learning tasks requiring symmetry preservation. By integrating these
modules, EQGINO guarantees exact equivariance to the discrete SE(3) subgroups inherent to the
discretized computational domain, ensuring physical consistency without sacrificing efficiency.

At the core of EQGINO lies a novel 3D spectral layer that achieves equivariance through an Orbit-
based Weight Sharing strategy. By sharing weights among frequency modes belonging to the same
radial orbit, we guarantee isotropy in the spectral domain. This strategy not only reduces parameter
complexity compared to the vanilla FNO-shifting from O(K?) to a linear scaling O(K) with respect
to the spectral resolution K per dimension—but also serves as a strong structural prior. Beyond the
discrete guarantee, this prior enables the model to effectively generalize to arbitrary continuous
orientations, accelerating convergence to superior performance even with a limited number of
SE(3)-transformed training samples. Consequently, EQGINO attains equivariance while retaining the
expansive receptive field without the prohibitive costs of 3D group convolutions by design, thereby
adapting robustly to unseen geometric transformations. Our contributions are summarized as follows:

* We propose EqGINO, a framework that integrates 3D equivariance into the global receptive field
induced by the spectral convolution, enabling robust generalization across irregular 3D geometries.

* We introduce Orbit-based Weight Sharing to enforce spectral isotropy, reducing the parameter
complexity of spectral convolution from volumetric to linear scaling while guaranteeing exact
discrete equivariance.

* We demonstrate that EQGINO guarantees exact consistency on discrete orientations by design and
seamlessly extends to arbitrary continuous orientations even with limited SE(3)-transformed data,
outperforming state-of-the-art baselines.

2 RELATED WORK

2.1 NEURAL OPERATORS FOR PDES

Effective PDE surrogate models must capture global interactions, particularly in physics systems
such as incompressible fluid dynamics, where local changes necessitate instantaneous responses in
distant regions. Consequently, the ability to resolve such long-range dependencies is a fundamental
prerequisite for the physical validity of any solver.

To address this, the Fourier Neural Operator (FNO) (Li et al., 2020b) leverages the Fast Fourier
Transform (FFT) (Cooley & Tukey, |19635) to capture global correlations efficiently, though it is
restricted to regular grids. To handle irregular geometries, the Graph Neural Operator (GNO) (Li
et al.;[2020a) operates on arbitrary meshes but incurs high costs for dense graphs. GINO (Li et al.|
2023)) unifies these by employing GNOs to project irregular data onto a latent grid for FNO processing,
supporting scalable global modeling on complex domains.
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Parallel to this, Transformer-based (Vaswani et al.,[2017) models approximate global integral operators
(Kovachki et al.,[2023)), with architectures like Galerkin Transformer (Cao, [2021) and GNOT (Hao!
et al., 2023)) adopting linear attention to reduce computational costs. Transolver (Wu et al.| [2024)
further optimize this paradigm, allowing scalable learning of intrinsic physical states on massive
geometries. However, the heavy dependence on absolute coordinates causes these methods to be
fragile to rigid transformations, resulting in physically inconsistent predictions.

2.2  EQUIVARIANCE IN PHYSICAL AND SPECTRAL DOMAINS

While SE(3)-equivariant models such as EGNN (Satorras et al., [2021) and EMNN (Trang et al.,
2024) successfully address coordinate dependency, their reliance on local message passing renders
them inherently inefficient for PDE surrogate modeling. Because PDE dynamics often involve global
correlations, capturing these effects via local propagation incurs prohibitive computational costs.
Even attempts to mitigate this by incorporating long-range edges (e.g., T"TEMNN (Kim et al., [2025)))
offer only partial improvements, falling short of achieving a truly global receptive field.

In contrast, the spectral domain inherently offers a global receptive field, making it ideal for capturing
long-range interactions. However, 3D equivariant spectral models remain underexplored; G-FNO
(Helwig et al., |2023) becomes computationally prohibitive in 3D due to group convolutions, while
EGNO (Xu et al.| [2024)) focuses on temporal rather than spatial equivariance. Consequently, achieving
a scalable, spatially equivariant spectral model for 3D PDEs remains an open challenge.

3 PRELIMINARIES

3.1 PROBLEM FORMULATION

Let A and U/ be separable Banach spaces of functions defined on a bounded domain D C R3. We
consider a system of partial differential equations (PDEs) governing a physical system, formally
posed as a boundary value problem:

L(a,u) =0in D, B(u)=0ondD. )

where a € A represents input parameters (e.g., geometry, initial conditions), and u € U/ denotes the
solution field (e.g., velocity or pressure). Here, L is the differential operator encoding the physical
laws (e.g., Navier-Stokes equations), and B is the boundary operator enforcing constraints such as
Dirichlet or Neumann conditions on the boundary 9D. Our objective is to learn a surrogate operator
Gy : A — U approximating the solution operator G, such that Gy (a) =~ u where u satisfies Eq.

3.2 SE(3)-EQUIVARIANCE IN PHYSICAL SYSTEMS

Physical laws are inherently independent of the observer’s coordinate frame. Formally, let G =
SE(3) be the Special Euclidean group in 3D, consisting of rotations R € SO(3) and translations
t € R3. The group action of g = (R, t) € G on the spatial domain is defined as the transformation
g - ¢ = Rz + t. In homogeneous coordinates, this corresponds to a matrix multiplication by
T, € R**4. Correspondingly, the group action on a input point cloud P = {yj};-v:l transforms

the set into { Ry, + t}évzl. Consider a feature field v belonging to a function space /. We define

the group action 7;; : H — H via the pullback operator associated with a representation p of g:
[Trv](z) == p(g~")v(g~" - z). Here, g = (RT, —RT't). The specific form of p depends on the
geometric nature of the space. We denote the representations as p;,, and p,,,; for the input space A and
the output space U, respectively. For a scalar field, the values remain invariant under transformation,
which implies a trivial representation (p(g) = I). Throughout this paper, we focus on scalar fields
to simplify the notation. Thus, the reduced operation [T v](z) = v(R™'(z — t)) accounts for both
the rotational orientation and the translational shift of the underlying domain. Formally, a neural
operator Gy is equivariant if Go(T;a) = Ty Gg(a) forall g € G, a € A. Satisfaction of this property
is crucial for the accurate prediction of physical systems across arbitrary coordinate systems.
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Figure 1: Overview of EQGINO. The encoder £ aggregates local geometric information from irreg-
ular inputs P and maps it to regular spatial grid. Within the Fourier layers K;, orbit-based weights
W (k) mix the Fourier-transformed feature vectors (Fv)(k) at each Fourier mode k, ensuring equiv-
ariance. The decoder D projects the updated features vy (297*%) enriched with global context back to
the point cloud to predict the physical field u. All modules preserve equivariance by construction.

4 METHODOLOGY

4.1 ARCHITECTURE OVERVIEW

The overall architecture integrates two proposed equivariant primitives—EgGNO and EqFNO—into
a unified pipeline consisting of three stages: (i) the EQGNO encoder £ that lifts irregular geometric
information into latent representations on a regular grid; (ii) consecutive EQFNO layers /C; that
efficiently compute global interactions retaining equivariance through isotropic spectral convolution;
(iii) and the EQGNO decoder D that reconstructs the target physical field on the original point cloud.

Gop=DoKpo---okKj0&. 2

While our architecture adopts the structural backbone of GINO (Li et al.,|2023), we fundamentally re-
design each module to enforce SE(3)-equivariance. Crucially, this modularity allows each component
to function as an independent, general-purpose module: EQFNO serves as an equivariant backbone for
3D grid-based learning tasks requiring symmetry preservation (e.g., volumetric physics simulation),
while EQGNO acts as a geometric operator for processing unstructured geometric inputs under global
rigid transformations. We detail our SE(3)-equivariant GNO encoder and decoder (EqGNO) in Sec.
[.2] followed by the SE(3)-equivariant FNO (EqFNO) in Sec.[4.3]

4.2  SE(3)-EQUIVARIANT GRAPH NEURAL OPERATOR BLOCK

The Graph Neural Operator (GNO) (Li et al., 2020a) is effective for mapping data between irregular
meshes and structured latent grids. However, the original formulation parameterizes the kernel using
absolute Cartesian coordinates. Since these coordinate values vary under rotation, it fails to produce
consistent features for the same geometric object in different orientations. To overcome this limitation,
we adapt the GNO to be SE(3)-equivariant by employing a rotation-invariant kernel strategy.

Encoder. Our EqGNO encoder £ transforms the irregular point cloud P into a latent representation
vo at each uniform regular grid point 2:97% by approximating a local kernel integral with a Riemann

sum: v (z97'?) ~ Zjle k(297 y; ) g, where {y; L, C B, (x97) denotes the input points sam-
pled randomly within a local ball of radius 7 centered at x9"*, and 1, is the quadrature weight compen-
sating for irregular density. To enforce SE(3)-equivariance, we replace coordinate-dependent inputs
with scalar invariants. Specifically, the kernel r takes the relative distance ||z97 —y; || and || 297" —g||

as inputs where § denotes the centroid of P: r(z97, y;) = ¢g ([|J297% — y;]|, [|297 — ).

This design ensures that the kernel captures both the local relative spatial structure and the global
radial context without being sensitive to the object’s orientation. Details are provided in Appx.
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Decoder. EqGNO decoder D projects the final grid representation vy, back to the point cloud {y°“*}
in the physical space. Serving as the inverse of the encoding process, it reconstructs the predicted
physical quantity u at each target coordinate y°“ via kernel integration over neighboring grid

points: u(y°*t) =~ D parid pr(yout) Kdec (Y™ CU?Md)vL (m?rld)uj. Here, Kge. is a learnable kernel
J

parameterized by the relative distance ||y°"t — x?”dH and ||y°“t — z97id||, analogous to the encoder.
By relying solely on rotation-invariant quantities, the decoder preserves the SE(3)-equivariance.

4.3 SE(3)-EQUIVARARIANT FOURIER NEURAL OPERATOR BLOCK

Even though EqGNO ensures SE(3)-equivariance for the geometric transformations, the intermediate
processing—specifically the Fourier Neural Operator (FNO) blocks—must also preserve this property
to guarantee end-to-end equivariance. In this section, we extend the FNO (Li et al., 2020b) to be
SE(3)-equivariant (EqFNO). We first formulate the Fourier layer and then theoretically derive the
conditions required to embed equivariance.

Fourier Layer. We define the spatial convolution operator £ : H;, — H,yu: acting on an in-
put function v;, € My, = L?(D;R%n) with a kernel function £ : D x D — RéoutXdin gz
(Lvin)(x) = [p K2, y)vin(y)dy. We impose periodic boundary conditions on the domain D and
that « is translation-invariant as in FNO. This allows the Convolution Theorem to diagonalize the con-
volution operator in the spectral domain. Let F and ! denote the Fourier transform and its inverse.
The action of the operator £ can be expressed as (Lv)(z971) = F~L[W (k) - (Fv)(k)] (z979),
where k € Z3 represents the Fourier mode (spectral grid point). Here, W (k) denotes the learnable
weight, which corresponds to the Fourier coefficient of the kernel x for each Fourier mode, i.e.,
W(k) = (Fk)(k) € Cout*din By incorporating the channel-mixing spectral convolution, we
define the complete Fourier Layer K : H;,, — Houz as:

/Cl(vl,l)(mgﬁd) = U(Slvlfl(l‘grid) + (ﬁvl,l)(xg”d)) (3)

For layers [ = 1, ..., L, the feature updates iteratively as v; = K;(v;—1). The final output v, then
serves as the input to the EQGNO decoder D. Here, S € R%utXdin denotes a learnable weight
matrix. The skip connection Sv(x) adjusts for non-periodic boundary effects in the spatial domain (Li
et al., 2020b). A non-linear activation ¢ mixes frequency components and facilitates the learning of
non-linear solution operators.

Analysis of Fourier Neural Operator. A key motivation for applying Fourier representations is
the compatibility between the Fourier transform and spatial rotations. To analyze the equivariance
properties, we first recall the behavior of scalar fields under rotation in the spectral domain:

Lemma 4.1 (Spectral Rotation Property). Let f € L?(R?) be a scalar field and Tg be the rotation
operator defined by [Trf](x) = f(R™'x). The Fourier transform satisfies Ta f (k) = f(R™'k).

This lemma formally establishes that a rotation in the spatial domain induces a coherent rotation of
the Fourier modes in the spectral domain (Proof provided in Appx.[F).

The Fourier transform exhibits intrinsic rotational equivariance, as shown in Lemma However, the
FNO fails to preserve this property because it comprises learnable spectral weights. Specifically, the
spectral weights W (k) in the convolution layer operate as unconstrained parameters and do not adhere
to the rotational transformation law of Fourier modes. This incompatibility with rotation-induced
shifts in the spectral domain undermines the equivariance inherited from the Fourier transform.

Such unconstrained parameterization causes a violation of SO(3)-equivariance, as the network fails
to differentiate between orientation changes and fundamentally different objects.

EqFNO: Isotropic Spectral Convolution. We now identify the necessary and sufficient conditions
required to achieve rotation equivariance in the spectral domain. To guarantee that our EQFNO architec-
ture respects the geometric symmetries of the physical system, the spectral convolution layer must en-
force equivariance. Formally, this requirement mandates that the convolution operator £ commute with
the pullback operator 77 in the spectral domain: LoT}; = Ty o L. That s, for any rotation R € SO(3)

and any input feature field &, the following condition must hold: F (L(Th)) (k) = F (T; (Lh)) (k).
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sist of rotation-invariant scalar channels—the weight constraint simplifies to:
W(Rk) = W(k). )

This implies that the learnable weights must remain invariant under any rotation of the Fourier mode
k. In other words, the weight W (k) depends solely on the frequency magnitude | k||, rather than its
direction. We provide a proof of the equivariance including translation in Appx.[G]

To enforce the constraint in Eq. d]explicitly, we introduce an Orbit-based Weight Sharing mechanism.
We define an orbit O, as the set of Fourier modes with the same magnitude: O, = {k € Z3 | || k|2 ~
r}. Instead of learning independent weights for each k, we assign a single shared weight parameter
w, to all modes within the same orbit O, as shown in Fig. @

Necessity of Full-FFT for Equivariance. We explicitly employ the Full-FFT rather than the
Real-FFT (RFFT). RFFT reduces computational redundancy by storing only a spectral half-space,
exploiting the Hermitian symmetry of real-valued signals. However, this compression scheme is
structurally incompatible with rotation equivariance. A rotation can map a Fourier mode from the
stored half-space to the omitted region, necessitating reconstruction via complex conjugation. Since
complex conjugation is an anti-linear operation, it violates the complex-linear assumption of the
spectral convolution layer. We avoid this conflict entirely by adopting Full-FFT. Collectively, these
structural constraints ensure that the model strictly satisfies rotation equivariance (Appx. [H).

Remark 1. How is the parameter complexity of Full-FFT handled? The implementation of the
Full-FFT doubles the size of the learnable spectral tensor compared to the RFFT. However, the weight
sharing constraint significantly mitigates this overhead by decreasing the total count of independent
parameters. Quantitatively, for the spectral resolution K3, our approach reduces parameter complexity
from O(K?) to O(K), as the number of orbits scales linearly.

Remark 2. How is the computational overhead of Full-FFT addressed? While weight sharing
reduces parameter complexity, the increased computational load (FLOPs) of Full-FFT presents a
challenge. To mitigate this, we enforce a block-diagonal structure on the spectral weight tensor (Xie
et al.,|2017). This constraint restricts the linear transformation to independent subspaces, decompos-
ing the original dense weight matrix into G smaller, disjoint sub-matrices. For each ¢ € {1,...,G}

and k, the sub-weight matrix [W (k)].. resides in C & Thus, the operation replaces a single
large matrix multiplication with G independent smaller matrix multiplications. The approximation for
the channel-mixing convolution computation cost becomes G - (% . % “N) = w, where
N denotes the total number of Fourier modes. While this constraint limits channel interaction, it
decreases the FLOPs of the channel mixing by a factor of G, effectively offsetting the extra compu-
tation required for the full set of Fourier modes relative to RFFT. With G = 2, the computational
cost aligns with the RFFT baseline. For larger grouping factors (G > 2), we translate the efficiency
gain into higher per-axis resolution of the spectral grid (K). This adjustment compensates for weight
sharing constraints; a higher K yields a larger number of distinct radial orbits, effectively increas-
ing independent learnable parameters. Consequently, this approach restores the model’s expressive
capacity while maintaining the number of learnable parameters comparable to the RFFT baseline.

dout
o X

4.4 SE(3)-EQUIVARIANT LOCAL BASIS

In the previous section, the proposed orbit-based weight sharing mechanism guarantees equivariance
for scalar tasks such as von Mises stress prediction by enforcing the isotropic condition W (Rk) =
W (k). However, extending this framework to vector field prediction, such as displacement u € R3,
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Table 1: Performance comparison across evaluation protocols. We evaluate relative Ly error for (a)
In-Distribution and (b) Zero-Shot Generalization (O group). Best results are bolded, and second-best
are underlined.

Il (a) Train: Canonical — Test: Canonical Il (b) Train: Canonical — Test: Rotated (Discrete)

Il AhmedBody | ShapeNet |  DeepJEB || AhmedBody | ShapeNet |  DeepJEB
Model | ws Press Kin Visc  Omega | Press | Defl Stress || WS Press Kin Visc Omega | Press | Defl  Stress
Non-Equivariant Models
PointNet 0.4270 0.5119 03758 0.1136  0.0414 0.1433 0.1738  0.3864 || 0.9547 1.1866 0.6203 0.1978  0.0451 1.4418 45059 1.3424
PointNet++ 0.4495 0.5457 03699 0.0992 0.0377 0.1570 0.2028 0.4296 || 1.1461 09105 0.7071 0.1607  0.0487 1.7209 27154 1.3535
MeshGraphNet || 0.3473  0.3842 0.2416 0.0927 0.0224 0.6291 0.4147 0.5088 || 1.0072 1.1495 0.6560 0.1638  0.0449 0.6291 8.5468 2.0466
GINO 0.1987 0.1666 0.1454 0.0584 0.0146 0.1610 0.1113  0.4026 || 0.6238 0.5631 0.4265 0.1296 0.0385 1.4950 2.3194  1.1266
PointDeepONet || 0.7231 0.8906 0.9731 0.1722  0.0319 0.2015 0.1870  0.5221 1.6741 14503 1.6456 0.2111  0.0661 1.4337 52359 1.3851
Transolver 0.1286 0.2763  0.1922 0.0833  0.0159 0.1194 0.1615 0.3735 || 0.7946 0.5189 0.5066 0.1350 0.0469 1.6632 1.5885 1.0422
Equivariant Models
EGNN 0.9950 0.9184 1.0231 0.1797 0.0339 0.7070 0.8423  0.5636 || 0.9950 0.9184 1.0231 0.1797 0.0339 0.7070 0.8423  0.5636
EMNN 0.9772  0.9309 0.9256 0.1751 0.0319 0.2509 0.8028 0.6155 || 0.9772 0.9309 0.9256 0.1751 0.0319 0.2509 0.8028 0.6155
Transolver* 0.7458  0.6620 0.4690 0.1350  0.0361 0.9295 0.4192  0.5236 || 0.7458 0.6620 0.4690 0.1627 0.0361 0.9295 04192 0.5236
T-EMNN 0.7295 0.7844 0.8316 0.1674  0.0281 0.1831 0.3200 0.4204 || 0.7295 0.7844 0.8316 0.1674 0.0281 0.1831 0.3200  0.4204
EqGINO* 0.2078 0.1737 0.1513 0.0613  0.0157 0.1878 0.1644  0.3877 || 0.2078 0.1737 0.1513 0.0613 0.0157 0.1878 0.1644  0.3877
EqGINO 0.1958  0.1637 0.1489 0.0581 0.0137 0.1773 0.1710  0.3853 || 0.1958 0.1637 0.1489 0.0581 0.0137 0.1773 0.1710  0.3853
Input Geometries I., EqQGINO GINO Transolver PointDeepONet EqQGINO GINO Transolver PointDeepONet

C —
Cos

|
YT WY W W Y

Ground Truth Prediction Error

Magnitude of Deflection
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Figure 3: Visualization of deflection predictions on the DeepJEB dataset. Note that all models
were trained exclusively on the canonical trainset. The rows display input geometries in different
orientations: (Top) Canonical input; (Bottom) Input rotated by 180°. Contours indicate the magnitude
of deflection, while the error maps depict the absolute difference in magnitude. Qualitative analysis
and extended visualizations for additional baselines are provided in Appx. [K] and @

poses a fundamental challenge (Appx.[G). To resolve this challenge, we reformulate vector prediction
as a scalar regression problem within the isotropic backbone by predicting the projection coefficients
«, 3, onto an SE(3)-equivariant local basis e, e5, ez, from which the vector field is reconstructed
as v = ey + ey + yes. This strategy enables SE(3)-equivariant vector field prediction (Appx.[l).

Discrete Equivariance and Generalization. While our theoretical formulation guarantees SE(3)-
equivariance, the reliance on regular grids for the FFT inherently restricts exact equivariance to
the Octahedral rotation group (O). However, our architecture, grounded in SE(3)-equivariance,
serves as a strong structural prior, enabling EQGINO to effectively generalize to arbitrary SE(3)
transformations and significantly outperform baselines even with limited SE(3)-transformed training
data, as empirically demonstrated in the subsequent experiments.

5 EXPERIMENT

Datasets. We evaluate our method on three distinct 3D physics benchmarks covering both fluid
dynamics and structural mechanics. Details are provided in Appx.

* Fluid Dynamics: The AhmedBody (Ahmed et al.l|{1984; Li et al.,[2023)) represents turbulent flow
regimes around parameterized vehicle shapes, predicting the vector-valued wall shear stress and
four scalar quantities: pressure, turbulent kinetic energy, turbulent viscosity, and specific dissipation
rate (omega). The ShapeNetCar (Umetani & Bickel, 2018};|Chang et al., 2015)) involves external
flow simulations over diverse vehicle geometries, estimating the surface pressure field.

* Structural Mechanics: The DeepJEB (Hong et al., 2025) dataset follows the principles of linear
elasticity in solid mechanics. The prediction task aim to estimate the structural response of mechan-
ical components under external loads and torques, specifically the deflection (vector) and von Mises
stress (scalar).
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Evaluation Protocol. We assess SE(3)-equivariance using three protocols. For all rotated settings,
we transform both input geometry and vector-valued quantities (e.g., velocity, forces) to maintain
physical consistency. Table[I| covers two in-distribution and zero-shot protocols: (a) In-Distribution
(Canonical — Canonical): Training and evaluation are performed on canonically aligned data to
establish a performance baseline within a fixed reference frame. (b) Zero-Shot Generalization
(Canonical — Discrete Rotations): The canonically trained model is evaluated on samples rotated
by 90° multiples (the O group). This tests the model’s intrinsic geometric robustness without prior
exposure to rotated data. (¢c) Continuous Generalization (Rotated — Continuous Rotations):
Training and evaluation are conducted using continuous SE(3) augmentations to assess robustness
against arbitrary orientations (Table2).

Baselines. We benchmark EqGINO against diverse baselines, including point cloud-based methods
(PointNet (Q1 et al., [2017a), PointNet++ (Qi et al., 2017b)), PointDeepONet (Park & Kang} [2024]),
Transolver (Wu et al., [2024)), GINO (Li et al.;2023)) and mesh-based GNNs (MeshGraphNet (Pfaff]
et al.} 2020), EGNN (Satorras et al.,[2021), EMNN (Trang et al., [2024), T-EMNN (Kim et al., |[2025)).

To analyze the trade-off between generalization and expressivity, we evaluate both non-equivariant and
equivariant models. Non-equivariant baselines fully leverage canonical information (e.g., coordinates)
to maximize in-distribution expressivity, whereas equivariant baselines are restricted to geometric
invariants (e.g., curvature, dot products) to ensure robust generalization across transformations.

For the state-of-the-art Transolver (Wu et al.| |2024), we provide a comprehensive evaluation by
comparing two versions: (1) the vanilla Transolver with standard coordinate features (Transolver),
and (2) a custom SE(3)-equivariant variant (Transolver®). This modified version relies solely on
scalar invariants—such as the distance from the point of force application and average face area—and
incorporates our proposed local basis method for vector-valued predictions. By contrasting two
variants, we can quantify the impact of explicit coordinate features on model performance. Further
implementation details are provided in Appx.

5.1 IN-DISTRIBUTION PERFORMANCE ON CANONICAL POSES

In Table [Th, we present a comprehensive performance comparison against all baseline models on the
canonical test dataset. We report results for EQGINO under two configurations representing distinct
resource constraints: EgGINO* (G = 2, K = 32), which aligns with the computational cost of the
baseline GINO, and EqGINO (G = 4, K = 40), which maintains an equivalent parameter budget to
EqGINO* while prioritizing higher spectral resolution. Here, G corresponds to the number of disjoint
channel groups within the block-diagonal structure of the weight tensor, as detailed in Sec.

The results demonstrate that EQGINO achieves performance competitive with non-equivariant state-
of-the-art models (Transolver, and GINO), despite the inherent restrictions on input node features
required to enforce equivariance. Furthermore, EQGINO significantly outperforms mesh-based
equivariant baselines (EGNN, EMNN, and T-EMNN), a distinct advantage attributed to the global
receptive field provided by spectral analysis. In contrast, the SE(3)-equivariant variant of Transolver
(i.e., Transolver*), which relies solely on scalar features without explicit coordinate information,
exhibits a marked degradation in performance. This substantial drop exposes the difficulty of achieving
high performance without coordinates, a challenge our spectral approach effectively overcomes.

5.2 ZERO-SHOT GENERALIZATION TO DISCRETE ROTATIONS

After training on data in canonical positions, we evaluate the models using randomly rotated test data.
Specifically, we apply rotations with angles selected from 0°,90°, 180°,270° around a randomly
chosen axis (z, y, or z). As shown in Table E}), EqGINO outperforms all baselines, including other
equivariant models. Fig. [3| visualizes the predicted 3D deflection on the DeepJEB dataset under
varying input geometric orientations. When the input shape is aligned with the canonical position (top
row), errors are generally small across models. Fourier-based models (EqGINO, GINO) particularly
demonstrate superior capability in modeling torsional loads, which requires capturing global behaviors.
Conversely, when the input is rotated (e.g., upside-down), non-equivariant baselines fail significantly
as they are overfitted to the canonical orientation (bottom row). These results highlight EQGINO’s
unique ability to maintain precise global modeling while adhering to equivariance.
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While EqGINO guarantees exact equivariance within the discrete subgroup (O), real-world scenarios
often involve arbitrary rotations in the continuous domain (SO(3)). To extend our model’s robustness
to these continuous variations, we incorporate rotational augmentation sampled from the full SO(3)
group during training. In Table 2] EQGINO consistently outperforms all baselines on the SE(3)-
transformed, test dataset. Interestingly, as shown in Fig.[5a] we observe that EQGINO generalizes to
these unseen continuous orientations significantly faster and achieves superior performance compared
to the baselines. Specifically, Fig. [5b|demonstrates that EQGINO accurately captures detailed physical
behaviors on complex geometries—such as the turbulent regions around pillar structures—even when
the input is arbitrarily rotated (e.g., 58.7°). This suggests that the inherent discrete equivariance
provides a strong structural foundation, which enables the model to learn the remaining continuous
symmetries more efficiently than models lacking this geometric prior.

5.4 QUALITATIVE ANALYSIS OF COORDINATE DEPENDENCY

We conduct a qualitative evaluation to verify the presence of coordinate dependency in the baseline
models. Fig.[6] visualizes the pressure field predictions of GINO and EqGINO, both trained exclusively
on canonical poses. As observed in the Ground Truth, aerodynamic pressure is concentrated on the
front bumper due to the incoming wind. However, GINO fails to adapt to the rotated scenario (Fig. [6h);
it erroneously predicts high pressure on the rear bumper simply because rotation places it in the spatial
region previously occupied by the front bumper. This suggests that coordinate-dependent models
overfit to the absolute coordinate system of the training data rather than learning the physical relation
between geometry and fluid dynamics. In contrast, EGINO (Fig. [6b) consistently identifies the
high-pressure region on the actual front bumper regardless of its spatial location. This demonstrates
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Figure 6: Visualization of pressure predictions on the ShapeNetCar dataset. All models were trained
on the canonical trainset. The rows display input geometries in different orientations: (Top) Canon-
ical input; (Bottom) Input rotated by 180°. Colors represent the pressure magnitude. Extended
visualizations are provided in Appx. [EZ}

that our model relies on intrinsic geometric features rather than extrinsic coordinates, avoiding the
overfitting issues inherent in coordinate-dependent approaches.

Additional results on discretization-convergence and ablation studies are provided in the Appx.

6 CONCLUSION

In this paper, we presented EqGINO, a geometrically robust framework for 3D PDE surrogate model-
ing. By fundamentally redesigning the core processing units into standalone equivariant modules, our
approach achieves spectral isotropy via an Orbit-based Weight Sharing strategy, significantly reduc-
ing parameter complexity while ensuring physical consistency. Empirically, EQGINO demonstrates
superior robustness across diverse 3D physics benchmarks. While state-of-the-art solvers struggle
to generalize across geometric transformations due to their reliance on absolute coordinates, our
architecture effectively mitigates this dependency without compromising performance in canonical
settings. Future work will focus on strictly enforcing continuous equivariance beyond grid limitations
and reducing the overall computational cost to accommodate million-scale industrial geometries.
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A IMPLEMENTATION DETAILS AND EXPERIMENTAL SETTINGS

In this section, we provide a comprehensive description of the hyperparameters and training configu-
rations used in our experiments to ensure reproducibility.

A.1 GENERAL TRAINING CONFIGURATIONS

To ensure a fair comparison, we maintained consistent optimization settings across all baseline
models and our proposed method. We utilized the Adam optimizer for all experiments. The initial
learning rate was tuned via grid search within the candidate set {1 x 10745 x 107%,1 x 1073},
Due to the substantial memory requirements associated with processing high-density 3D meshes and
point clouds, a batch size of 1 was employed. Consequently, Batch Normalization (loffe & Szegedy,
2015) was deemed unsuitable due to unstable statistics. We therefore substituted it with Group
Normalization (Wu & He, [2018)) specifically for the point-based models: PointNet, PointNet++, and
PointDeepONet. Regarding model capacity, all baseline architectures, with the exception of the GINO
baseline, were configured with a hidden dimension of 128. For our proposed EqGINO and the GINO
baseline, the hidden dimension was set to 64.

A.2 MODEL-SPECIFIC ARCHITECTURES

For all baseline models, we utilized the official source codes whenever available to ensure reproduction
of the original methods. Specifically, we implemented PointDeepONet and TEMNN from scratch, as
their official implementations were not publicly accessible.

For point-based baselines (PointNet, PointNet++, and PointDeepONet), we adapted the architectures
for regression tasks on 3D fields. Notably, for the torsional loading case in PointDeepONet, the model
cannot directly process global direction vectors. To address this, we explicitly calculated the force
magnitude and direction corresponding to the torque at each node and incorporated these as input
node features.

Among Graph Neural Networks, MeshGraphNet explicitly utilized absolute coordinate inputs. In
contrast, EGNN and EMNN operated without absolute coordinate inputs. TEMNN employed a
specialized invariant coordinate system constructed intrinsically from the mesh structure. For the
Transformer-based baseline, we customized the vanilla Transolver architecture to enforce SE(3)-
equivariance (denoted as Transolver* in Table [I)). The input node features for this model were
specifically designed to represent the local geometry of the nodes. Specifically, for the AhmedBody
and ShapeNetCar datasets, we computed invariant geometric descriptors using the t rimesh library:
vertex degrees, representing local connectivity, and vertex defects (angle defects), representing discrete
Gaussian curvature calculated as the deviation of the sum of incident face angles from 2. For the
DeepJEB dataset, we incorporated physics-informed geometric features, including the distance from
fixed points, the distance from load application points, the dot product between the force vector and
the surface normal, and the force magnitude.

GINO and our proposed EqGINO were constructed with 4 Fourier Neural Operator (FNO) layers.
The integration radius for the Graph Neural Operator (GNO) was tuned specifically for each dataset.
For AhmedBody (» = 0.1) and ShapeNetCar (r = 0.15), the geometries were scaled to the range
[—1, 1]. For DeepJEB, the radius was set to 7 = 10.0, and the data was processed at its original scale.
A critical distinction of our EqQGINO architecture is its independence from explicit coordinate inputs,
relying solely on intrinsic geometric information, whereas the GINO typically requires coordinate
features. Regarding resolution configurations, the GINO baseline utilized K = 32. For EQGINO, we
evaluated two configurations: K = 32 with a grouping factor of G = 2, and K = 40 with a grouping
factor of G = 4.
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Table 3: Summary of node features. Coordinate-dependent features serve non-equivariant baselines,
while invariant features ensure SE(3)-invariance for our model.

Dataset Coord-Dependent Invariant Geometric & Physical Features
(Non-Equi Only) (Equivariant & All Models)

AhmedBody X (Abs. Coord), Geom: Vertex degrees, Vertex defects (discrete Gaussian
u;n (Inlet Velocity) curvature, angle deviation from 27).

Phys: Projected Inlet Velocity (uiy - n).

ShapeNetCar x (Abs. Coord), Geom: Vertex degrees, Vertex defects (same as above).
uin (Inlet Velocity) Phys: Projected Inlet Velocity (ui, - n).
DeepJEB x (Abs. Coord) Geom: Geodesic dist. from fixed boundary points, Geodesic

dist. from force application points.
Phys: Projected Force (F - n), Force Magnitude (|F|).

B DATASET SPECIFICATIONS

The fluid dynamics simulations for both the AhmedBody and ShapeNetCar datasets are based on
solving the Reynolds-Averaged Navier-Stokes (RANS) equations, which represent the time-averaged
form of the incompressible Navier-Stokes equations. These equations take the form of the momentum
balance and continuity equations:

p(u-Viu=—-Vp+ puViu+f,

V-u=0 ©)

where u is the velocity field, p is the pressure, p is the fluid density, y is the dynamic viscosity, and f
represents body forces (Ferziger et al., 2019). Both datasets consists of fluid dynamics simulations
computed under the same RANS framework and are selected to assess the ability of EqGINO to
efficiently handle large-scale simulations (AhmedBody) while maintaining robust generalization
across complex and diverse geometric configurations (ShapeNetCar).

AhmedBody. The AhmedBody dataset (Ahmed et al., [1984) represents a canonical problem in
vehicle aerodynamics. The dataset comprises simulations of parametrized car-like shapes subject
to turbulent airflow. The model predicts the vector-valued wall shear stress alongside four scalar
physical quantities: pressure, turbulent kinetic energy, turbulent viscosity, and specific dissipation
rate (omega). All target physical fields are evaluated on the surface mesh of the geometry. We split
the dataset into 413 simulations for training, 45 simulations for validation, and 50 simulations for
testing.

ShapeNetCars. To complement the AhmedBody benchmark and assess the robustness of EQGINO
to geometric diversity, we additionally adopt the ShapeNetCar dataset. This benchmark derives from
the car category of ShapeNet (Chang et al., 2015) and includes diverse vehicle shapes. The fluid
dynamics simulations operate with a fixed inlet velocity of 20 m/s (72 km/h) and a Reynolds number
of 5 x 10° (Umetani & Bickel, 2018). Each sample discretizes the car surface into approximately
3,700 mesh points. We partition 600 watertight instances into 450 samples for training, 50 samples
for validation, and the last 100 samples for testing. The model targets the estimation of scalar pressure
field across the surface mesh.

DeepJEB. To verify the model’s applicability to diverse physical systems, we include a solid
mechanics benchmark beyond fluid dynamics. The DeepJEB dataset (Hong et al.| [2025) serves
as a standard benchmark for analyzing the structural response of jet engine brackets. The primary
objective is the prediction of the vector-valued deflection field and the scalar von Mises stress. The
dataset is simulated under linear static load cases (vertical, horizontal, diagonal, and torsional).
Regarding dataset organization, we allocate a random 10% of training samples for validation. The
dataset comprises 1,776 samples for training, 162 for validation, and 197 for testing.

The structural responses in DeepJEB are computed under the assumption of 3D linear static isotropic
elasticity with small-strain kinematics. The dataset labels represent solutions to the equilibrium
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equation (Landau et al.,[2012):
V.o(u)=0, (6)

where u denotes the displacement field and o is the stress tensor related to strain via the linear
isotropic constitutive law parameterized by Young’s modulus £ = 113.8 GPa and Poisson’s ratio
v = 0.342 for the Ti-6Al-4V material (Hong et al., [2025). This system is solved via the finite
element method under linear static load cases.

C EVALUATION METRICS

To evaluate the predictive accuracy of our proposed model and the baseline methods, we employ the
relative Lo error. Unlike absolute metrics such as the standard L, or Lo errors, which are sensitive
to the original scales of the data, this metric measures the deviation of the predicted physical fields
from the ground truth solutions, normalized by the magnitude of the reference. This normalization
ensures that the error metric remains scale-invariant, thereby facilitating fair comparisons across
diverse samples with varying physical magnitudes.

Formally, let y(¥ € RY*4 denote the ground truth field values (e.g., pressure or velocity) for the
i-th sample in the dataset, defined on a mesh with V) nodes and d components. Let y(*) denote the
corresponding prediction generated by the model. The relative Lo error for a single sample ¢, denoted
as ¢;, is defined as:

(1) _ (@)
o 180 =3Ol -
Iy ®1r
where || - || » represents the Frobenius norm (equivalent to the Euclidean norm of the flattened vector)

over the spatial domain.

For the final evaluation on the test set containing S' samples, we report the mean relative Ly error
averaged over all samples:

1 S
Eew =5 ; €. 8)

D COMPUTATIONAL EFFICIENCY AND COMPLEXITY ANALYSIS

D.1 HARDWARE AND SOFTWARE INFRASTRUCTURE

All experiments were conducted on a workstation running Rocky Linux 9.3. The system is equipped
with an Intel Xeon Gold 6530 CPU and 512GB of RAM. We utilized NVIDIA L40S GPUs, each
with 48GB of VRAM. The software environment was configured with CUDA 12.4 and PyTorch.

D.2 COMPLEXITY AND LATENCY COMPARISON

Tabled]presents a comprehensive comparison of model complexity, computational cost, and inference
latency. We report the total GFLOPs measured during the forward pass, including all operations such
as FFT/IFFT and spectral convolutions.

Discussion. As shown in Table[d] our proposed EqGINO significantly reduces model size compared
to the spectral baseline, GINO. The parameter count is reduced by approximately 98% (285M —
4.1M) primarily due to the proposed Orbit-based Weight Sharing mechanism. Regarding computa-
tional cost, EQGINO reduces the total GFLOPs by roughly 44% (153.1 — 85.7 GFLOPs), a gain
attributed to combined factors such as the exclusion of explicit coordinate features and the utilization
of channel grouping.

We acknowledge that EQGINO entails higher computational costs compared to lightweight base-
lines, such as Transolver. This is primarily attributed to the graph construction phase within the
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Table 4: Comparison of computational complexity and latency.

Model | Params (M) | Inference (ms) Training (ms) | GFLOPs
PointNet 3.5 3.9 4.6 1.0
PointNet++ 1.4 139.2 112.6 2.4
PointDeepONet 0.2 3.1 3.8 1.5
EGNN 0.3 2.9 4.9 8.2
EMNN 0.7 10.7 10.6 15.6
TEMNN 0.8 6.6 5.8 13.5
MeshGraphNet 0.4 3.6 44 10.5
Transolver \ L5 9.1 14.6 | 111
GINO 285.0 63.7 64.6 153.1
EqGINO 4.1 52.6 57.7 85.7

GNO modules. Even with hash grid-based optimizations, the neighbor search process scales with a
computational complexity of O(Ndr3) (Li et al., 2023)(where N, d, r denote the number of points,
density, and radius, respectively). While manageable for standard benchmarks, this cubic dependency
becomes a critical bottleneck for million-scale datasets, where the computational burden and memory
usage for neighbor queries become prohibitive.

However, a critical advantage of EqGINO is its ability to embed equivariance directly into the spectral
domain without an increase in computational complexity compared to the GINO baseline. This
intrinsic design proves superior to extrinsic strategies; as demonstrated in Table|lp and c, even when
baselines are trained with extensive data augmentation, they fail to match the robust equivariant
performance of our method. While EQGINO successfully incorporates SE(3)-equivariance into the
spectral framework, computational cost reduction for million-scale datasets remains a promising
direction for future work.

E EQUIVARIANCE FOR EQGNO

In this section, we provide a proof of equivariance for the EQGNO encoder. The proof for the decoder
follows an analogous logic.

Recall that we parameterize the (learnable) kernel function in the encoder solely by relative geometric
quantities. Under uniform density, let ¥ denote the centroid of the input point cloud P. We use the
relative distance ||z — y;|| and the centroid-relative distance ||« — g||. This formulation guarantees
that the kernel remains invariant under any rigid transformation g € SE(3) (where g - © = Rz + t):

k(g 2,9 Y559 -9) = k(2,95 7)- ©)

Note that the centroid shifts consistently with the transformation (g - § = Ry + t), which preserves
the relative distances.

Proof of SE(3)-Equivariance. We now verify that the encoded field preserves the SE(3) symmetry
of the input. Let £ denote the encoder that constructs a latent feature field vg and P’ = g-P = {y; jl‘il
be the transformed point cloud. The encoded field at a location x becomes

[EP](x) = Y wla, )59 )

’ (10)
= k(@9 Y59 D)Hy-
J
By the SE(3)-invariance property of the kernel (x(z, g - y) = k(g™ - ,y)), we obtain
EP () ~ Y k(g™ 2,591
’ (11)

~ vo(g*1 - )
= [T, vol(x).

17



ICLR 2026 Workshop on Al and Partial Differential Equations (AI&PDE)

This confirms that encoding the transformed point cloud results in the pullback of the original encoded
field. Thus, the output of the encoder becomes a valid SE(3)-equivariant feature field, which yields a
geometrically consistent initialization for the subsequent spectral layers.

F PROOF OF LEMMA (SPECTRAL ROTATION PROPERTY)

LemmaLet f € L%(R3) be a scalar field and 73 be the rotation operator defined by [Tx f](x) =
f(R~12). The Fourier transform satisfies

Trl(k) = f(R'K). (12)
Proof. The Fourier transform of [Tx f](x) yields

Taf(k)= | Tr(z)e 2o dy
" (13)

— f(R—lx)e—ZiTr(k,x>dx
R3

The change of variables y = R~ 'x implies dv = dy (since det R = 1) and (k,z) = (k, Ry) =
(R7k, 7). Consequently,

T 7 _ —2im(R™'k,y)
T = [ flw)e ay "
- f(R'K).

Thus, a rotation in the spatial domain corresponds to an equivalent rotation of the frequency modes k.

G PROOF OF ISOTROPIC SPECTRAL CONVOLUTION

For any feature field v;,, € H,;,,, the equivariant spectral convolution layer satisfies
F(L(Tgvin)) (k) = F (T5 (Lvin)) (k). (15)

Consider a rigid transformation g = (R, t) € SE(3). In the spectral domain, the spatial translation
t manifests as a scalar phase shift e =27*(&t) whereas the rotation R corresponds to fetching the
value from R~1k. Since the spectral convolution is a linear operation, the scalar phase term appears
identically on both sides of the equation and cancels out. Consequently, we limit our derivation to
the rotational component R without loss of generality. We expand both sides using the property

E);(k) = W (k)0;, (k) and the group action defined via the pullback operator. For simplicity, we
denote U,y (k) = Ly, (k) as the output feature representation.

* LHS (Spectral Convolution on transformed input): First, the rotated input T; Vin, yields Fourier
coefficients pi,, (R~1)0;, (R™'k). The layer applies W (k) to this:

LHS = W(K) - [pin(R™") 05 (R™'K)] . (16)

* RHS (Transformed output of spectral convolution): The right-hand side represents the trans-
formed output Tg* Vout- By Lemma 4.1 with the output representation p,,:, we have

RHS = pout(R™") - Tout(R7K) = pout(R™) - [W(R™ k)07 (R k)] . (17)
Equating LHS and RHS for an arbitrary input component ;,, (R~ 'k), we obtain
W (k)pin(R™) = pout(R™H)W(R™ k). (18)

To express this constraint for the weight at a rotated frequency, let ¢ = R~'k (which implies
k = Rq). Substituting k with Rq yields

W(Rq)pin(R™") = pout (R W (q). (19)
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Finally, right-multiplying by p;,(R™1)~! = p;n(R), we derive the general weight conjugation
constraint:
W(RK) = pout(R™H)W (k) pin(R). (20)

Remark A.1. Group Representations and Properties A group representation p of G on a vector space
V = R is a group homomorphism p : G — GL(V'), where GL(V') denotes the general linear group
of invertible d X d matrices. Being a homomorphism implies two key properties:

1. Identity Preservation: p(I3) = I,.
2. Multiplicativity: p(R; R2) = p(R1)p(Rs) for all Ry, Ry € SO(3).

From the definition, p(R)p(R~!) = p(RR™') = p(I3) = 1. Thus, p(R~!) is indeed the unique
matrix inverse of p(R).

Remark A.2. Output Representation for Vector Fields In the case of vector field prediction (e.g.,
displacement), the output dimension d,,,; transforms non-trivially. If d,,; consists of m numbers of
3D vectors, the representation pout(Rfl) is the direct sum of m rotation matrices R :

RT o ... 0
o RT ... 0

BN =R R e ~oR =| . . R Q)
m times O 0 RT

The transpose R” ensures that vector fields transform contravariantly under rotations, thereby
preserving rotation equivariance of the prediction (Weiler et al.,[2018).

Remark A.3. Challenges in vector field prediction and the need for a Local Basis As mentioned in
Section[4.3] we only use scalar feature fields which yields p;, (R) = I, . Ideally, an equivariant oper-
ator with vector-valued outputs should satisfy the conjugation constraint W (Rk) = pout(R™H)W (k).
However, in practical engineering simulations, the input geometry often lacks a predefined canonical
pose. Without a canonical reference, the rotation matrix R is unknown, making it impossible to
determine the inverse rotation R~! required to enforce weight constraints. Consequently, the model
cannot distinguish between the intrinsic geometry of the object and its arbitrary orientation in the
global coordinate system.

For this reason, we impose the isotropy condition on the learnable weight matrix only when predicting
scalar physical quantities. In contrast, predicting vector-valued physical fields poses an additional
challenge due to the absence of a known canonical pose. To address this issue, the construction of a
local basis is essential, as described in Section [d.4}

H INCOMPATIBILITY OF RFFT WITH ROTATION EQUIVARIANCE

In this section, we rigorously demonstrate that the Real-FFT (RFFT) format in 3D cannot support
rotation-equivariant operations due to the violation of complex linearity.

Let f : R?® — R be areal-valued input signal. Its Discrete Fourier Transform f satisfies the Hermitian
symmetry property:

f(=k) = f(k), VkeZ’ (22)
To improve memory efficiency, RFFT stores Fourier coefficients only for the half-space where the
last dimension index is non-negative. We define the stored domain D, as

N N N
DR{(kzvkyvkz)EZS QSkm,ky<2,O§kzg2}. (23)

For any frequency k ¢ Dp, the value is implicitly reconstructed via conjugation:

fk) == f(-k). (24)

A standard neural operator layer in the frequency domain operates as a complex linear transformation
G(k) = W (k) f(k), where W (k) € C*€, For rotation equivariance to hold, the rotation operation
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itself must be representable as a linear map on the feature space. However, Eq.[24]forces the operation

to output the conjugate f(—k). Complex conjugation operation C which is defined by C(z) = 7 is
anti-linear (or conjugate-linear) operation. Specifically, for a scalar « € C with Im(«) # 0 and a
variable z,

Claz) = az = aC(z). (25)
Since the RFFT-induced rotation forces a conjugation for certain modes, the transformation cannot
be represented by any complex linear matrix multiplication W (k). Therefore, the RFFT format is
structurally incompatible with learning rotation-equivariant representations using complex-linear
layers.

As established in the 3D case, the fundamental issue stems from the RFFT storage mechanism,
which truncates the spectral domain along a specific axis. For any dimension d > 2, there exists
some rotation that maps a coordinate from the stored half-space (of Fourier modes) to the unstored
half-space, necessitating conjugate retrieval. Since the resulting anti-linear operation breaks the
complex-linearity assumption of the neural operator, we conclude that Full-FFT is strictly required to
preserve exact rotation equivariance across any rotation R € SO(3).

I LocAL BASIS CONSTRUCTION AND PROOF OF SE(3)-EQUIVARIANCE

Local Basis strategy enables the prediction of invariant projection coefficients with respect to rigid
transformation. We construct a local reference frame {e; 1, €; 2, e; 3} at each point 4, derived intrinsi-
cally from the input physical features. Decompose the target field v into

Vi = Ci1€;1 1+ C; 2€;2 + C; 3€; 3. (26)
Since both the basis vectors e; ; and the vector-valued field v; rotate simultaneously with the object,
the projection coefficients c; ; = v; - e; ;, remain invariant under rigid body transformations. A

linear combination of these predicted coefficients with the transformed local bases recovers the final
equivariant vector field.

Construction of Local Basis For the construction of a local basis, we leverage the global external
force vector for the DeepJEB (Hong et al., | 2025)) and the inlet velocity vector for the AhmedBody
(Ahmed et al., |1984) and ShapeNetCar (Umetani & Bickel, 2018} |(Chang et al., [2015)) datasets. For
simplicity, denote such an external physical vector as F'. Let x; be the position of the i-th node and
c= % >~ x; be the centroid of the point cloud. Note that the relative position vector r; := x; — c is
translation-invariant. The orthonormal basis vectors {e; 1, €; 2, €; 3} are constructed as follows:

* Axis 1: Align the first axis with a global physical vector F, as it provides the primary change in
physical quantity.
F
€i1 = T (27)
IFl
* Axis 2: To capture the local orientation, we use the cross product of the relative position and the

primary vector.
r; Xe;;

€= — 7 (28)
[Ir; x e 1]
* Axis 3: The basis is completed by the right-hand rule.
€i3=¢€1Xe_ (29)

The resulting local basis matrix is B; = [e; 1, €; 2, €; 3].

Proof of Local Basis SE(3)-Equivariance Letg = (R,t) € SFE(3) be arigid body transformation
defined by a rotation matrix R € SO(3) and a translation vector t € R?. The transformed inputs are

x, = Rx; +t, F =RF. (30)

Note that F' is a vector quantity and thus invariant to translation. The related position vector r; is
translation-invariant and rotates with the object

r,=x;—c = (Rx; +t) — (Rc+t) = R(x; — ¢) = Rr;. (31)

Derive the transformation of the axes using the property that rotation matrices preserve norms
(isometry) and distribute over the cross product (i.e., (Ra) x (Rb) = R(a x b)):
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* Axis 1:
RF F
e; = :7:R7:Rei1 (32)
LOE IRF| IF] ’

* Axis 2:

o . — r; X e;,l _ (Br;) x (Rei;1) _ R(rixei1) _ Re: (33)
Pl IR x e ) (e x eqal] "

* Axis 3:

6273 = 8271 X e'i72 = (Rei,l) X (Rei,g) = R(ei’l X eiyg) = ReLg (34)

Since each basis vector rotates by R, the basis matrix B; = [e; 1, €; 2, €; 3] satisfies

B] = [Rei,, Re; 2, Rei 3] = R - B;. (35)

This confirms that the local basis is SE(3)-equivariant.

J DISCRETIZATION-CONVERGENCE AND ABLATION STUDIES

Taim 0.030 0.30 0.30
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Figure 7: Performance evaluation and ablation studies. All models are canonically trained. (a—b)
Robustness analysis on AhmedBody: (a) impact of varying training mesh sampling rates, and (b)
generalization to unseen fest sampling rates with a model trained on sparse (1/20) data. (c—d) Ablation
studies on ShapeNetCar investigating the effect of (c) spectral resolution per axis, K, and (d) number
of channel groups, G.

In this section, we provide a comprehensive evaluation of the discretization-convergence properties
and ablation studies for EQGINO. All models presented in these experiments were trained exclusively
on the canonical trainset.

Discretization-Convergence and Robustness. EqGINO is designed to effectively embed equivari-
ance while inheriting the discretization-convergence properties inherent to the GINO architecture.
This design allows the model to learn resolution-independent operators rather than overfitting to
specific mesh discretizations.

As illustrated in Fig. [7a] we evaluated models trained on datasets with varying mesh sampling
rates (1/5,1/10,1/20) and tested them on the original high-resolution data. While baselines like
Transolver degrade in performance as the training data becomes sparser, both GINO and EqGINO
demonstrate robust performance across all sampling rates. It is important to note that unlike GINO,
EqGINO does not utilize directional information (e.g., coordinate values) to ensure rotation equiv-
ariance, which could theoretically limit its expressivity. However, our results show that EQGINO
achieves performance comparable to GINO. This suggests that our architectural design—specifically
employing a block-diagonal structure to enable higher spectral resolution—effectively compensates
for the lack of directional cues, maintaining high expressivity even with sparse training data.

Furthermore, Fig. [7b] validates the zero-shot super-resolution capability of our model. An EqGINO
model trained only on a coarse 1/20 subsampled dataset successfully generalizes to unseen test
sampling rates, maintaining consistent error rates even when evaluated on the full 1/1 resolution.
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Ablation Studies on Hyperparameters. We further investigate the impact of spectral resolution
(K) and the number of channel groups (G) on model performance using the ShapeNetCar dataset.

Fig.|/c|indicates that increasing the spectral resolution per axis (K) leads to a monotonic decrease in
relative Lo error. Since EQGINO employs strict weight-sharing to satisfy equivariance, the number of
unique learnable parameters is drastically reduced. However, as discussed in Remark 2, a higher K
yields a larger number of distinct radial orbits. This effectively increases the number of independent
learnable parameters, thereby recovering the model’s expressive capacity within a compact parameter
budget.

Fig. [7d| analyzes the effect of the number of channel groups (G). We observe that performance
improves as G decreases. However, a smaller G increases computational cost. To mitigate the
overhead of Full-FFT, we enforce a block-diagonal structure on the spectral weight tensor. This
constraint decreases the FLOPs of channel mixing by a factor of G, effectively offsetting the extra
computation required for the full set of Fourier modes. We observe that performance remains relatively
robust within the range of G = 4 to 8. Therefore, we select a value from this interval to balance the
trade-off between computational efficiency (via reduced channel interaction) and predictive accuracy.
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K QUALITATIVE ANALYSIS OF VECTOR FIELD EQUIVARIANCE

Ground Truth EqGINO

GINO Transolver

Figure 8: Visualization of deflection vectors on the DeepJEB dataset under torsional loading. Note
that all models were trained exclusively on the canonical dataset but evaluated on input geometries
rotated by 180°. The black arrows depict the deflection vectors at each target node, while the contours
denote the magnitude of the deflection.

In Figure[8] we qualitatively analyze the vector field predictions. While EqGINO consistently predicts
accurate deflection vectors regardless of the input geometry’s orientation, state-of-the-art coordinate-
dependent models such as GINO and Transolver exhibit significant failures. When these baselines
encounter input geometries in unseen positions (i.e., rotated states not present in the training set), they
generate completely erroneous prediction patterns that deviate from the ground truth physics. This
suggests that the baselines overfit to the absolute spatial coordinates of the training data. Consequently,
our results demonstrate that EQGINO is capable of robustly predicting vector fields in an equivariant
manner, strictly adhering to the geometric transformation of the input.

L ADDITIONAL VISUALIZATIONS

L.1 DEeerJEB
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Ground Truth Prediction Error
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. e \\
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Figure 9: Visualization of deflection predictions on the DeepJEB dataset using EQGINQO. The model
was trained canonically. The rows display the input geometries in different orientations: (Top)
Canonical input; (Bottom) Input rotated by 180°.

Ground Truth Prediction Error

Canonical

180° rotated
o

Figure 10: Visualization of deflection predictions on the DeepJEB dataset using GINO. The model
was trained canonically. The rows display the input geometries in different orientations: (Top)
Canonical input; (Bottom) Input rotated by 180°.
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Ground Truth Prediction Error

Canonical

180° rotated

Figure 11: Visualization of deflection predictions on the DeepJEB dataset using Transolver. The
model was trained canonically. The rows display the input geometries in different orientations: (Top)
Canonical input; (Bottom) Input rotated by 180°.

Ground Truth Prediction Error

Canonical

180° rotated

Figure 12: Visualization of deflection predictions on the DeepJEB dataset using Transolver®, an
SE(3)-equivariant variant of the standard Transolver. The model was trained canonically. The rows
display the input geometries in different orientations: (Top) Canonical input; (Bottom) Input rotated
by 180°.
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Ground Truth Prediction Error

Canonical %

180° rotated

Figure 13: Visualization of deflection predictions on the DeepJEB dataset using PointNet. The
model was trained canonically. The rows display the input geometries in different orientations: (Top)
Canonical input; (Bottom) Input rotated by 180°.
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L.2 SHAPENETCAR

Ground Truth Prediction Error
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90° rotated

180° rotated

270° rotated

Pressure
L 2y 8.0

7
R S 10

Figure 14: Visualization of pressure predictions on the ShapeNetCar dataset using EQGINO. The
model was trained canonically. The rows display input geometries in different orientations: (Top)
Canonical input; (Rows 2—4) Inputs rotated by 90°, 180°, and 270°, respectively.

27



ICLR 2026 Workshop on Al and Partial Differential Equations (AI&PDE)
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Figure 15: Visualization of pressure predictions on the ShapeNetCar dataset using GINO. The model

was trained canonically. The rows display input geometries in different orientations: (Top) Canonical
input; (Rows 2—4) Inputs rotated by 90°, 180°, and 270°, respectively.

28



ICLR 2026 Workshop on Al and Partial Differential Equations (AI&PDE)

Ground Truth Prediction
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Figure 16: Visualization of pressure predictions on the ShapeNetCar dataset using Transolver. The

model was trained canonically. The rows display input geometries in different orientations: (Top)
Canonical input; (Rows 2—4) Inputs rotated by 90°, 180°, and 270°, respectively.
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Ground Truth Prediction Error
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Figure 17: Visualization of pressure predictions on the ShapeNetCar dataset using Transolver®, an
SE(3)-equivariant variant of the standard Transolver. The model was trained canonically. The rows
display input geometries in different orientations: (Top) Canonical input; (Rows 2-4) Inputs rotated
by 90°, 180°, and 270°, respectively.
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L.3 AHMEDBODY

Ground Truth Prediction Error

0° rotated
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Wall Shear Stress (Mag.) Error
0.0 5.0 0.0 2.0

Figure 18: Visualization of wall shear stress predictions on the AhmedBody dataset using EQGINO.
The model was trained on data with random continuous rotations (i.e., the rotated-to-rotated setting).
The rows display input geometries in different orientations: (Rows 1-5) Inputs rotated by 0°, 30°,
45°, 60°, and 90°, respectively.
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Ground Truth Prediction Error
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Figure 19: Visualization of wall shear stress predictions on the AhmedBody dataset using GINO. The
model was trained on data with random continuous rotations (i.e., the rotated-to-rotated setting). The
rows display input geometries in different orientations: (Rows 1-5) Inputs rotated by 0°, 30°, 45°,
60°, and 90°, respectively.
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Ground Truth Prediction Error
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Figure 20: Visualization of wall shear stress predictions on the AhmedBody dataset using Transolver.
The model was trained on data with random continuous rotations (i.e., the rotated-to-rotated setting).
The rows display input geometries in different orientations: (Rows 1-5) Inputs rotated by 0°, 30°,
45°, 60°, and 90°, respectively.
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Ground Truth Prediction Error
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Wall Shear Stress (Mag.) Error
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Figure 21: Visualization of wall shear stress predictions on the AhmedBody dataset using PointNet.
The model was trained on data with random continuous rotations (i.e., the rotated-to-rotated setting).
The rows display input geometries in different orientations: (Rows 1-5) Inputs rotated by 0°, 30°,
45°, 60°, and 90°, respectively.
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