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Highlights:

• A symmetry-imbued Hamiltonian neural operator architecture is proposed for stress field prediction
of porous metamaterials.

• A rotation-steerable lattice projector encodes continuous-angle geometric symmetry to interpret
images under arbitrary in-plane rotations.

• A Hamiltonian-Fueled Propagator introduces a symplectic symmetry that encourages global mechanical
coherence without relying on pointwise PDE residuals across discontinuous interfaces.

Abstract: Predicting stress fields of porous metamaterials under arbitrary rotations is essential for reliable
online monitoring in additive manufacturing. However, existing neural operators are limited by two
major issues: geometric orientation bias where identical lattices are misinterpreted under rotation, and
non-physical stress leakage caused by the failure of Partial Differential Equation (PDE) constraints at
discontinuous void-solid interfaces in porous metamaterials. To address these challenges, we propose
the Symmetry-Imbued Hamiltonian Neural Operator (SIHNO) that embeds geometric symmetry and an
energy-structured inductive bias into a unified neural operator architecture. Specifically, SIHNO introduces
a Rotation-Steerable Lattice Projector (RSLP) that lifts lattice images into a continuous-angle geometric
symmetry representation. This geometric representation is further coupled with a Hamiltonian-Fueled
Propagator (HFP) that replaces local PDE constraints with Hamiltonian-inspired energy propagation. Finally,
a slice-aware convolutional decoder reconstructs stress fields based on RSLP and HFP. Comprehensive
experiments demonstrate that SIHNO outperforms existing neural operators. The proposed framework
provides a robust architecture for stress-field prediction in additive manufacturing.
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1. Introduction

Additive manufacturing (AM) enables the fabrication of topology-optimized porous metamaterials,
unlocking effective combinations of strength, stiffness, and energy absorption for aerospace, biomedical,
and protective applications [1–3]. For such architected metamaterials, the stress field is a critical indicator
of load-bearing paths, local stress concentration, and potential failure initiation, and therefore plays a
central role in structural reliability assessment and process monitoring. However, stress analysis of porous
metamaterials remains computationally expensive because the structure contains complex void-solid
interfaces and layer-wise geometric variations. This motivates the development of fast surrogate models
that can estimate stress fields directly from as-built or reconstructed topology slices [4,5].

Despite the growing use of operator learning for porous metamaterials, two major issues remain
insufficiently addressed [6–8]: (i) Geometric Orientation Bias. In AM process monitoring, the same
lattice section of the metamaterial may appear more than once under different in-plane coordinate frames
since a metamaterial can be a complex of multiple identical layers that are similar with camera or
Computed Tomography (CT) rotation. However, existing feature extraction methods are usually defined
on fixed Cartesian grids and tend to recognize the image through rotation-dependent pixel patterns. As
a result, conventional methods may interpret the same image under different rotations as distinguished
microstructure, leading to degraded stress predictions [9,10]. (ii) Boundary Smoothing and Stress Leakage.
Physics-Informed Machine Learning and neural operators often enforce governing laws through pointwise
Partial Differential Equation (PDE) residuals [11,12]. Such constraints can be effective in smooth
domains with no discontinuities, but become fragile in porous metamaterials where solid and void regions
coexist within the same section plane [13,14]. At void-solid interfaces, the elastic modulus changes
discontinuously, a pointwise residual formulation in this scenario tends to impose smooth field behavior
across the stiffness jump [15]. This mismatch may produce oversmoothing at boundaries and non-physical
stress leakage into void regions, blurring the separation between solids and background voids [16].

To jointly resolve geometric orientation bias and boundary stress leakage, we propose Symmetry-Imbued
Hamiltonian Neural Operator (SIHNO) by establishing a dual-symmetry mechanistic pathway within the
latent space. First, we implement a Rotation-Steerable Lattice Projector (RSLP) that encodes latent
space geometric symmetry into rotation-equivariant representations to enable continuous angle prediction.
Rather than relying on fixed Cartesian convolutional responses, RSLP extracts lattice images that transform
consistently under arbitrary rotations, providing a canonical geometric substrate that preserves geometric
symmetry regardless of print orientation. Building upon this distortion-free foundation, we deploy the
Hamiltonian-Fueled Propagator (HFP) that formulates global token interactions through a Hamiltonian-inspired
latent energy functional. By predicting feature correction residuals from the gradient of the learned energy
structure, HFP encourages mechanically coherent long-range coupling without directly imposing pointwise PDE
residuals. Our principal contributions are as follows:

(1) We propose a Rotation-Steerable Lattice Projector, which encodes rotational symmetry of porous
metamaterial lattices to project its structures into a rotation-equivariant space, endowing the
network with awareness of spatial transformations under arbitrary rotations.

(2) A Hamiltonian-Fueled Propagator is further introduced to formulate global feature interaction as
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Hamiltonian-inspired energy coupling, circumventing stress smoothing and leakage at discontinuous
void-solid interfaces in porous metamaterials.

(3) Through comprehensive experiments, it is demonstrated that SIHNO achieves superior spatial
equivariance consistency and accurate stress field prediction across diverse rotated metamaterial
topologies, outperforming state-of-the-art neural operators.

2. Related works

2.1. Spatial representations in neural operators

Neural operators learn resolution invariant mappings between two function spaces, yet when it comes
to metamaterial online monitering, their performance is heavily dictated by how they interpret spatial
coordinates and geometric structures [17]. The Fourier Neural Operator (FNO) [18,19] and Neural
Spectral Methods (NSM) [20] leverage spectral convolutions to capture spatial correlations in a long
range. However, they are fundamentally coordinate-dependent. Their integral kernels are tied to the
absolute Cartesian axes of the underlying grid, rendering them incapable of recognizing the same physical
object when spatial transformation occurs [21,22]. Similarly, Deep Operator Network (DeepONet) [23]
utilizes a branch-trunk architecture to approximate operator mappings, but it treats spatial coordinates
as raw, unconstrained inputs. Without an explicit geometric inductive bias, DeepONet also lacks the
mechanism to ensure that the learned latent representations are invariant or equivariant to the symmetry
group of the material lattice.

More recently, attention-based operators have been introduced to handle complex geometric
representations [24]. Transolver [25] proposed physics-aware attention through slicing of tokens, enabling
fast and accurate PDE solving on general geometries. Its successor Transolver++ scaled this approach to
million-scale meshes while maintaining accuracy [26]. Despite these advances, existing neural operators
predominantly learn continuous field mappings without an explicitly encoded geometric symmetry,
leaving them vulnerable to geometric orientation in porous metamaterial domains.

Rotation-equivariant and steerable operators [27–30] further improve robustness to coordinate
transformations by constructing equivariance-aware feature spaces. Such equivariant operators, however,
mainly canonicalize geometry and carry no explicit mechanical consistency prior across discontinuous
void-solid interfaces, whereas most metamaterial surrogate models predict homogenized or effective
quantities rather than resolving boundary accurate sectional stress fields under arbitrary rotation.

2.2. Physics embedding in neural architectures

Physics-Informed Neural Networks (PINNs) pioneered the embedding of physical laws into neural
networks by penalizing PDE residuals as soft constraints in the loss function [31–33]. This framework
has been extended to metamaterial applications [14], yet the fundamental reliance on pointwise PDE
residuals renders PINNs ill-suited for porous metamaterials with discontinuous void-solid interfaces,
where boundary smoothing and stress leakage inevitably arise since they require computing spatial
derivatives across the entire domain. Physics-Informed Neural Operator (PINO) [34] combined the
operator learning capability with PDE residual penalties, improving generalization across PDE families.
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However, PINO inherits the same pointwise PDE residual limitations at metamaterial discontinuities.
An alternative physics embedding strategy is to enforce structure-preserving laws directly within

the network architecture. Hamiltonian Neural Networks (HNN) [35,36] implemented this idea by
parameterizing the Hamiltonian function by construction, outperforming unconstrained networks on
dynamical systems [37]. However, such frameworks would remain agnostic to spatial transformation
since they focus on energy conservation while neglecting the discrete geometric symmetries of the lattice
structure, rendering them incapable of maintaining physical consistency under arbitrary rotations.

In summary, neural operators with spatial representations or physical embeddings address complementary
but disjoint symmetries. The former interprets geometric orientations, yet lack a mechanical consistent
embedding, while the latter is imbued with physics that are not equivariant to image rotation. This
gap motivates an architecture that jointly enforces geometric equivariance and an energy-preserving
mechanical bias by applying dual symmetries within a single neural operator.

3. Methods

3.1. Problem formulation and overall architecture

We formulate the defined metamaterial stress prediction process as learning an operator Gθ : (x, ℓ) 7→ σ

with rotation equivariance and symplectic symmetry, where x ∈ R1×H×W denotes a grayscale or binary
topology slice, ℓ is the normalized build-layer index, σ ∈ R1×H×W is the corresponding Von Mises stress
field in a specified layer.

The central viewpoint of this work is that both pathologies mentioned in the introduction section
will be largely mitigated once two complementary symmetries are embedded into the architecture: the
geometric symmetry of the square lattice in porous metamaterials, and a symplectic, energy-structured
inductive bias inspired by Hamilton’s flow. By embedding these symmetries into our neural operator,
SIHNO is capable of sustaining high prediction accuracy under arbitrary rotations, allowing it to be a
more robust paradigm for stress field prediction in industrial AM processes.

As shown in Figure 1, SIHNO realizes the two-symmetry idea through three sequential blocks:
(i) the RSLP module lifts the scalar topology input into a continuous-angle rotation-steerable latent field
F∈Rd×H×W ; (ii) the HFP module provides a Hamiltonian channel by parameterizing a global Hamiltonian
Hθ , obtaining symplectic corrections from the input map; (iii) the Slice-Aware Convolutional Decoder fuses
rotation-steerable features with symplectic corrections and reconstructs the predicted stress field.

In our architecture, the input x is first projected into a high-dimensional equivariant feature space via
the RSLP module. By parameterizing convolutional kernels with radial profiles and angular harmonic
bases, RSLP extracts orientation-aware responses and aggregates them into a rotation-steerable latent
representation. This ensures that any orientation of the metamaterial unit cell is represented as a predictable
channel permutation rather than a numerical distortion, thereby reducing orientation bias at the source.
Simultaneously, a pooled version of the topology is fed into the HFP module to capture the underlying
mechanical evolution. Here HFP operates as a latent space dynamical operator that maps it to three
relevant branches: the Coordinate (Q) branch, the Momentum (P) branch, and the Energy (H) branch.
While both the Q and P branches are used to resolve spatial connectivity and force-transfer history, the
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Energy branch parameterizes a scalar function Hθ representing the system’s learned Hamiltonian.
Through an Autograd-based interconnection, the HFP extracts symplectic corrections (∂H

∂P ,−
∂H
∂q )

that govern the latent feature propagation. This stage encourages energy-structured global feature coupling
and improves mechanical coherence among distant load-bearing regions. Finally, the equivariant features
from the RSLP are fused with the symplectic corrections from the HFP, conditioned on the Layer Index ℓ

to account for the depth-dependent stress field in the AM process. By synergizing geometric equivariance
with Hamiltonian mechanics, SIHNO is capable of more effectively predict the final elastostatic stress
field σ with high physical fidelity, even under complex manufacturing orientations.
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Figure 1. Overall architecture of SIHNO. A grayscale topology slice is first lifted
into a continuous-angle rotation-steerable latent field by RSLP; the latent field is then
pooled to a coarse phase-space token grid on which the HFP module parameterizes a
learned Hamiltonian Hθ and extracts symplectic corrections (∆q,∆p) via autograd. The
full-resolution equivariant features and the upsampled symplectic corrections are fused,
conditioned on the build-layer index, and decoded by a stack of convolution-attention
blocks into the final stress field.

3.2. Geometric symmetry: rotation-steerable lattice projector

Porous metamaterial slices often contain lattice motifs that may appear at arbitrary in-plane orientations, while
their underlying mechanical role should remain geometrically consistent under rotation. Standard convolutional
filters are defined on fixed Cartesian grids and therefore learn orientation-dependent responses, which may
cause identical lattice patterns to be mapped to inconsistent latent representations [38–40]. To address this
issue, we introduce the RSLP, which embeds continuous in-plane rotational symmetry into the geometric
feature extraction stage.

Let x ∈ R1×H×W denote the input topology slice with H and W denoting the spatial height and width
respectively. As shown in Figure 2a, the continuous in-plane rotation group is denoted as [41]:

SO(2) = {Rα | α ∈ [0,2π)}, (1)
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where Rα is a planar rotation by angle α . For a feature field f , the rotation action is defined as:

[Lα f ](u) = ρ(α) f (R−1
α u), u ∈ R2, (2)

where ρ(α) is the channel representation. A feature extractor φ is rotation-equivariant if

φ(L in
α x) = L out

α φ(x), ∀α ∈ [0,2π). (3)

This condition ensures that rotating the input topology induces a predictable transformation of the
latent feature field, rather than producing an unrelated feature response.

(a) Continuous In-Plane Rotation (b) Steerable Kernel Parameterization in RSLP
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Figure 2. Illustration of the RSLP. (a) A porous lattice motif may appear at arbitrary
in-plane orientations, motivating continuous-angle rotational modeling based on
SO(2); (b) RSLP parameterizes convolution kernels using learnable radial bases and
angular harmonic bases.

As illustrated in Figure 2b, RSLP realizes this property by parameterizing convolutional kernels with
steerable circular harmonics. For a convolutional kernel κ , rotation equivariance requires

κ(Rαu) = ρout(α)κ(u)ρin(α)−1, (4)

Instead of learning orientation kernels independently, RSLP learns κ in polar coordinates u = (r,ϕ) as

κ(r,ϕ) = ∑
m∈M

L

∑
ℓ=1

bℓ(r) [Amℓ cos(mϕ)+Bmℓ sin(mϕ)] , (5)

where bℓ(r) denotes a learnable radial basis, m is the angular frequency, M is the set of selected harmonic
orders, L is the number of radial basis functions and Amℓ,Bmℓ are learnable channel-mixing coefficients.
Under a rotation by α , the angular component satisfies

cosm(ϕ −α), sinm(ϕ −α), (6)

which can be expressed as a linear transformation of cos(mϕ) and sin(mϕ). Therefore, the filter response
can be continuously steered by transforming its harmonic coefficients, rather than relearning separate
filters for different orientations.

Given the input slice ℓ, RSLP first maps it into an orientation-aware feature field through a steerable
lifting operation to yield the reconstructed feature map F̃ :

F̃ = ψst(x) ∈ RC×Nα×H×W , (7)
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where Nα denotes the sampled orientation channels used for efficient implementation, and C is the number
of steerable feature channels per orientation. The lifted feature field is then refined by stacked steerable
convolutional blocks:

F̃(l+1) = η

(
Norm

(
K

(l)
st ∗ F̃(l)

))
, l = 0, . . . ,Ls −1, (8)

where K
(l)

st is the steerable convolution kernel, η(·) is the nonlinear activation, and Ls is the number of
steerable blocks. Finally, the orientation-aware responses are folded into the latent channel dimension:

FRSLP = Aα(F̃) ∈ Rd×H×W , (9)

where Aα(·) denotes orientation-channel aggregation or reshaping.
The resulting feature field FRSLP preserves the rotation structure of the input topology and provides an

orientation-consistent representation for subsequent energy-path modeling and stress-field reconstruction.
Since the topology slices are discretized on pixel grids, the continuous rotation equivariance is
implemented through steerable kernel parameterization and sampled orientation channels, yielding stable
arbitrary-angle rotation robustness in practical image-based settings.

3.3. Symplectic symmetry: Hamiltonian-fueled propagator

Hamiltonian mechanics provides an energy-structured formulation for describing global mechanical
interactions [36,42,43]. In a canonical phase space, the state is represented by conjugate variables
z = [q,p]⊤, and its evolution follows

ż = J∇zH, J =

(
0n In

−In 0n

)
, J⊤ =−J. (10)

Equivalently, q̇= ∂H/∂p and ṗ=−∂H/∂q. The skew-symmetric structure of J yields an energy-structured
form since ∇zH⊤J∇zH = 0.

In this work, the Hamiltonian formulation is introduced as a latent energy-structured constraint rather
than an explicit solver of the continuum Hamiltonian system. Compared with pointwise PDE residuals
that require spatial differentiation across discontinuous void-solid interfaces, HFP operates on latent
degrees of freedom and is therefore more suitable for porous metamaterial domains.

Given the rotation-steerable feature field FRSLP, HFP first maps it into a coarse latent phase space:

Q = Ψq(FRSLP), P = Ψp(FRSLP), Z = [Q,P] ∈ RN×2d, (11)

where N is the number of latent tokens, d is the token dimension, and Ψq and Ψp are the learnable
projection regarding q and p respectively. The coordinate tokens Q encode lattice configuration, while the
momentum tokens P describe latent force-transfer tendency among load-bearing regions.

To model non-local mechanical coupling, HFP parameterizes a learnable latent Hamiltonian:

Hθ (Z) =
N

∑
i=1

hθ (zi)+
1
2

N

∑
i=1

N

∑
j=1

ai jgθ (zi,z j), ai j = Softmax j

(
(Wqzi)

⊤(Wkz j)√
d

)
, (12)

where zi = [qi,pi], hθ denotes token-wise latent energy, gθ models pairwise mechanical interaction, and
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ai j is the attention-based interaction weight. This formulation allows HFP to construct energy-guided
interaction paths among distant struts, junctions, and boundary regions.

The symplectic correction is then obtained by differentiating the learned Hamiltonian:

∆Z = τJd∇ZHθ (Z), Jd =

(
0d Id

−Id 0d

)
, (13)

or equivalently,

∆Q = τ
∂Hθ

∂P
, ∆P =−τ

∂Hθ

∂Q
, (14)

where τ is the learnable step size.
The corrected latent state is updated as

Ẑ = Z+Γ⊙∆Z, Γ = σ(WgZ), (15)

where Γ adaptively controls the strength of the Hamiltonian correction, and σ(·) is the sigmoid activation.

3.4. Slice-aware convolutional decoder

The RSLP and HFP modules provide symmetry-preserving geometric features and global Hamiltonian
corrections, respectively. However, these latent representations cannot be directly converted into the final
stress field by a plain convolutional decoder. On the one hand, the symplectic corrections extracted
by HFP are generated on a coarse token grid and mainly encode global mechanical interactions.
Directly upsampling them may lose high-frequency boundary details. On the other hand, conventional
convolutional decoders aggregate features only from local neighborhoods, which tends to smooth the
discontinuous void-solid interfaces and causes non-physical stress leakage. Therefore, we introduce
a Slice-Aware Convolutional Decoder to reconstruct the stress field in a structure-aware manner.

Given the equivariant feature FRSLP and the symplectic pair, the decoder input is defined as:

Y0 = Concat(FRSLP,U(φs([∆Q,∆P])),φℓ(ℓ)⊗1H×W ) , (16)

where U(·) upsamples the symplectic correction to the original resolution, FRSLP denotes the
rotation-steerable lattice feature, and φℓ(ℓ)⊗ 1H×W injects the layer-wise condition into all spatial
locations. A convolutional stem first extracts local boundary-sensitive features:

Yc = ψconv(Y0), yu = Yc(:,u), u = 1, ...,HW, (17)

where ψconv is the convolutional stem.
The slice-aware reconstruction module then maps spatial features into K learnable structural slices:

Au,k = Softmaxk

(
w⊤

k yu

τ

)
, sk =

∑
HW
u=1 Au,kyu

∑
HW
u=1 Au,k + ε

, S = [s1, . . . ,sK]
⊤. (18)

Here, Au,k denotes the soft membership of spatial position u to the k-th structural slice. This
formulation allows mechanically correlated regions, such as struts, junctions, and void-solid boundaries,
to be grouped even when they are not adjacent in the image plane.
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To exchange mechanical information among structural slices, we update each slice token by a
similarity-weighted interaction with all other slices. Specifically, for the slice token si, its interaction
weight with slice s j is defined as

αi j =
exp
(
(Wqsi)

⊤(Wks j)/
√

da
)

∑
K
m=1 exp

(
(Wqsi)⊤(Wksm)/

√
da
) , (19)

where Wq and Wk are learnable projection matrices. The refined slice token is then obtained by

s̃i = si +Wo

K

∑
j=1

αi jWvs j, i = 1, . . . ,K, (20)

where Wv and Wo are learnable linear mappings.
The refined slice tokens are then fused with the convolutional feature:

Ỹ (:,u) =
K

∑
k=1

Au,ks̃k, σ̂ = φout

(
Yc + Ỹ

)
∈ R1×H×W , (21)

where φout is the output projection head.
In this way, the decoder combines local convolutional refinement with global structure-aware

reconstruction. The convolutional path preserves local boundary details, while the slice-aware path
models long-range stress transmission along load-bearing structures.

4. Validation

4.1. Preparations and datasets

To rigorously evaluate the proposed SIHNO framework, a high-fidelity metamaterial dataset was constructed
from an architected porous structure that was virtually sliced along the build (Z) direction into layer-wise
64×64 images, each a grayscale map distinguishing the solid material matrix from the void regions. Together
with the associated stress labels, this yields on the order of 4×105 pixel-level data points, which were
partitioned into a 60%/40% training/testing split at the slice level along the build height using a fixed
random seed for reproducibility. The corresponding ground-truth labels are the macroscopic Von Mises
stress fields, obtained from finite-element simulations in Abaqus. The stress field ground truth is produced
through a standard linear elastostatic analysis in Abaqus. More specifically, the metamaterial body was
assigned as Aluminum 6061-T6 with E = 68.9 GPa, and ν = 0.33, and we treated the analysis process as a
elastostatic problem using four-node bilinear quadrilateral elements (CPS4R). The bottom edge of the model
was fully fixed, and a uniform force of 1000 Pa was applied on the top edge of the model. After the static
equilibrium is solved, the Von Mises stress field was yielded and extracted for subsequent model training.

All experiments were conducted on a single NVIDIA 4080 Desktop Graphics Processing Unit (GPU)
with PyTorch. During the training phase, we used the Adam optimizer with an initial learning rate of
1×10−3, and set the epoch of the training process to 200 with a batch size of 8. L1 norm was selected
as the loss function to effectively penalize localized stress concentrations and to enforce sharp spatial
gradients along the void-solid interfaces.
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To evaluate rotation robustness of all models, we rotate both the input topology slice and the
corresponding ground-truth stress field by the same angle. This setting evaluates rotation equivariance of
each model. No rotational data augmentation is used during training unless otherwise specified.

4.2. Metrics

To comprehensively evaluate the performance of each model, we employed a set of eight metrics,
complemented by an additional stress-leakage diagnosis. Global accuracy and statistical correlation
of each model were assessed using Mean Absolute Error (MAE), Relative L2 Norm (Rel.L2), and
the Coefficient of Determination (R2). Furthermore, pattern-level consistency were evaluated via Peak
Signal-to-Noise Ratio (PSNR) and Structural Similarity Index (SSIM), where Higher SSIM and PSNR
values indicate that the model preserves the continuous morphological flow and maintains high stress
field prediction accuracy.

Crucially, to validate whether the model inherently respects the elastostatic principles, we introduce
three additional physical metrics: Gradient RMSE (Grad.RMSE), Laplacian Error (Lap.Err), and Boundary
MAE (Bnd.MAE). Grad.RMSE measures the spatial derivative error of first-order, evaluating the model’s
capacity to deal with sharp stress gradients. Lap.Err quantifies second-order spatial consistency of
the predicted stress field, reflecting if the model is capable of suppressing non-physical oscillations
and over-smoothed boundaries. Bnd.MAE calculates the absolute error along the void-solid interfaces.
Moreover, to directly quantify non-physical stress leakage, we introduce a Void-Region Leakage (VRL)
metric defined as the mean absolute deviation of the predicted stress from the stress-free ground-truth
reference over the void region, a lower VRL indicates less leakage and hence better performance. These
metrics explicitly validate the model’s reliability in predicting critical stress concentrations, which are the
primary catalysts for structural failure in AM components.

4.3. Stress-field prediction results under fixed and rotated orientations

This subsection reports both quantitative and qualitative stress-field prediction results in two phases. One
is on an unrotated test set, and another is under arbitrary in-plane rotational perturbations. We first assess
the predictive fidelity and physical consistency of all models on an unrotated testing set, then conduct a
second test by applying controlled rotational perturbations to the input images.

In the first phase, the performance of each model is listed in Table 1. It is shown that the proposed
SIHNO establishes state-of-the-art performance, securing the best scores across all evaluation metrics.
While neural operators like Transolver++ struggles with a high Laplacian Error due to inadequate physical
constraints, SIHNO effectively reduces non-physical noise, suppressing prediction errors. Furthermore, in
the specific stress magnitude prediction, SIHNO minimizes the Boundary MAE to 0.0532, achieving a
20.3% improvement over PINO.

To directly verify the suppression of non-physical stress leakage, we further compare the VRL in
Table 2. SIHNO attains the lowest VRL among all models, confirming that the symplectic symmetry brough
by HFP can reduce stress from leaking into void regions across discontinuous interfaces.
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Table 1. Standard quantitative comparison on the metamaterial stress prediction task
without rotation. Bold marks the best value and underline indicates the second best.

Model MAE ↓ Rel. L2 ↓ PSNR (dB) ↑ R2 ↑ SSIM ↑ Lap. Err ↓ Grad. RMSE ↓ Boundary MAE ↓

Transolver++ [26] 0.0706 18.70% 18.30 0.6642 0.8549 0.2416 0.0867 0.0800
FNO [18] 0.0538 12.72% 24.26 0.6866 0.8776 0.1157 0.0471 0.0674
PINO [34] 0.0529 12.56% 24.16 0.6922 0.8801 0.1264 0.0492 0.0668
NSM [20] 0.1072 21.53% 17.49 0.5428 0.7615 0.2750 0.1151 0.1224
PINN [31] 0.1771 31.10% 13.95 0.1619 0.2895 0.3205 0.1495 0.1912
HNN [35] 0.1291 26.04% 15.77 0.3886 0.6982 0.3181 0.1278 0.1524
SIHNO(Ours) 0.0438 11.28% 25.16 0.7323 0.8842 0.0972 0.0389 0.0532

Table 2. VRL across all models. Bold marks the best value.

Model SIHNO (Ours) Transolver++ [26] FNO [18] PINO [34] NSM [20] PINN [31] HNN [35]

VRL ↓ 0.0079 0.0110 0.0121 0.0168 0.1089 0.2996 0.1170

Figure 3 and Figure 4 displays the visual inspection of the predicted stress contours that corroborates
the quantitative metrics. It is clear that explicit PDE embedded models like PINN fails to capture the
localized stress concentrations, validating that point-wise PDE soft-constraints collapse across porous
metamaterials. Similarly, NSM and HNN exhibit severe over-smoothing phenomena. In sharp contrast,
SIHNO reconstructs the peak stress zones precisely at the discontinuities. By capturing these critical
energy paths, SIHNO demonstrates its superior capability for stress prediction of porous structures.

We further evaluate the predictive robustness under arbitrary rotational perturbations.
Figure 5 illustrates the visual comparative results across different spatial orientations and Figure 6

the gradient map, the flaw of conventional operators is well exposed here. Notably, FNO and PINO suffer
a major degradation in performance. As the input topology rotates, their predicted stress contours severely
distort and fail to align with the altered geometric boundaries, generating greater errors.

Input Ground Truth SIHNO (Ours) Transolver++ FNO PINO NSM PINN HNN

Figure 3. Qualitative comparison of predicted Von Mises stress fields on the standard
testing set with no rotation.
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Ground Truth SIHNO (Ours) Transolver++ FNO PINO NSM PINN HNN

Figure 4. Qualitative comparison of predicted spatial stress gradients on the standard
testing set. This figure highlights the models’ capacity to resolve high-frequency
boundary information and localized load-bearing paths in the material.
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Figure 5. Qualitative comparison of stress field reconstruction across various
surrogate models at representative rotation angles.
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Figure 6. Qualitative comparison of predicted stress gradients under rotational perturbations.
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This visual breakdown confirms that these standard operators memorize absolute pixel coordinates
and lack intrinsic geometric symmetry that is encoded in SIHNO. Furthermore, models like NSM and
PINN exhibit predictive collapse, outputting chaotic and non-physical noise distributions that lose the
topological identity of the metamaterial. By lifting the raw images into a rotation-equivariant latent
manifold, our model is equipped with the capability to recognize intrinsic mechanical properties even
under arbitrary orientations.

Table 3 further supports the visual breakdowns, providing a rigorous numerical benchmark. At
non-orthogonal rotation angles like 10◦ and 45◦, the performance of standard models degrades greatly.
FNO and PINO have degraded greatly, proving that their latent representations are tied to the absolute
spatial grid, and may not suffice for rotation equivariance.

Table 3. Quantitative comparison under arbitrary rotations. Bold marks the best value
of each metric and underline indicates the second best.

Angle Model MAE ↓ Rel. L2 ↓ PSNR (dB) ↑ R2 ↑ SSIM ↑ Lap. Err ↓ Grad. RMSE ↓ Boundary MAE ↓

10◦

Transolver++ [26] 0.1000 22.14% 16.99 0.6393 0.8376 0.2211 0.0852 0.0813
FNO [18] 0.2158 43.75% 10.96 0.2290 0.5404 0.3184 0.1458 0.1821
PINO [34] 0.2227 44.63% 10.79 0.2237 0.5322 0.2935 0.1373 0.1888
NSM [20] 0.1977 34.62% 13.10 0.0382 0.1258 0.2400 0.1325 0.1680
PINN [31] 0.2119 37.89% 12.22 0.0275 0.0920 0.2927 0.1535 0.1971
HNN [35] 0.2025 36.48% 12.61 0.0232 0.1310 0.2565 0.1354 0.1822
SIHNO(Ours) 0.0634 15.60% 20.85 0.7630 0.8633 0.1487 0.0544 0.0354

45◦

Transolver++ [26] 0.1674 31.74% 14.02 0.5324 0.7540 0.2958 0.1021 0.1621
FNO [18] 0.2262 45.83% 10.86 0.2092 0.5555 0.3190 0.1395 0.1985
PINO [34] 0.2208 44.98% 10.93 0.2393 0.5609 0.3175 0.1399 0.1925
NSM [20] 0.2032 36.48% 12.77 0.0158 0.1941 0.2430 0.1347 0.1685
PINN [31] 0.2245 41.39% 11.52 0.0059 0.1627 0.3185 0.1638 0.2044
HNN [35] 0.2037 36.81% 12.61 0.0156 0.1914 0.2488 0.1352 0.1851
SIHNO(Ours) 0.0953 21.22% 17.46 0.5926 0.7912 0.1785 0.0827 0.0763

270◦

Transolver++ [26] 0.0699 18.34% 18.59 0.7178 0.8558 0.2346 0.0851 0.0417
FNO [18] 0.0546 12.89% 24.00 0.8672 0.8769 0.1174 0.0479 0.0349
PINO [34] 0.0532 12.64% 24.07 0.8702 0.8792 0.1263 0.0493 0.0330
NSM [20] 0.1070 21.56% 17.42 0.6776 0.7664 0.2777 0.1153 0.1077
PINN [31] 0.1768 30.76% 13.93 0.2405 0.3403 0.3084 0.1440 0.1849
HNN [35] 0.1279 25.79% 15.88 0.5938 0.7034 0.3078 0.1249 0.1312
SIHNO(Ours) 0.0438 11.28% 25.16 0.8892 0.8842 0.0973 0.0389 0.0233

Figure 7 summarizes the eight metrics with error bars over the testing microstructures. The error bars
are calculated as the standard deviation (SD) of the performance. In each panel, the star (⋆) highlights
the best performance among the compared models. Across all eight metrics, SIHNO performs the best,
and the error bars remain comparable to those of the baselines, indicating stable behavior across datasets.

Figure 8 extends our evaluation to a continuous 360° spectrum. This trajectory exposes the geometric
vulnerability of conventional physics-embedded models in that they exhibit drastic V-shaped error spikes,
reaching acceptable levels only at orthogonal increments due to grid realignment. In contrast, SIHNO
maintains the lowest error envelope across all arbitrary angles, yielding reliable stress predictions.
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Figure 7. Quantitative comparison across all metrics. Each bar indicates the mean
performance over test microstructures, and error bars show the corresponding standard
deviation. For each metric, the star (⋆) marks the model with the best mean value.

Figure 8. Evaluation of rotational robustness over a continuous 360° orientation spectrum.

To further evaluate the model’s robustness against varying process parameters in additive
manufacturing, Figure 9 plots the per-layer MAE over the full Z range. Here each Z level sets a
different local boundary state for the slice. As depicted, SIHNO consistently maintains the lowest error
envelope throughout the majority of the build process, demonstrating improved stability. Notably, almost
all models encounter a sharp error surge near the geometric extreme at Z ≈ 8.5, which corresponds
to the complex stress concentrations at the top boundary layers. Even in this high-gradient regime,
SIHNO provides more constrained and reliable inferences compared to pure data-driven baselines. This
performance proves that by embedding both spatial symmetry and symplectic symmetry into a neural
operator, the model can decode the implicit mechanical evolution along the each rotation angle, fulfilling
the requirements for high-fidelity AM monitoring.
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Figure 9. Evaluation of cross-layer generalization performance across the build
height. SIHNO maintains the lowest error envelope throughout the majority of the
build process, outperforming other baselines.

4.4. Equivariance and noise robustness

To isolate the geometric symmetry induced by the RSLP module, we additionally quantify the intrinsic
rotation equivariance of each surrogate. For a given in-plane rotation Rθ , we compute the discrepancy
between rotating the prediction and re-predicting from the rotated input averaged over the test set with a
validity mask that excludes the zero-padded corners introduced by off-grid rotation.

As shown in Figure 10, the coordinate-tied operators incur large equivariance errors that collapse to
near-zero only at the orthogonal angles (90◦,180◦,270◦), producing the characteristic V-shaped profile
of grid-locked models. Meanwhile, SIHNO maintains the lowest equivariance error across the entire
spectrum, and it further contracts to near-zero at the D4 angles, directly evidencing that RSLP endows the
operator with near-equivariant behaviour rather than fitting rotated samples.

Practical AM monitoring also introduces acquisition and preprocessing noise into the input slices.
To assess robustness, we perturb the test inputs with additive Gaussian noise at three signal-to-noise ratios
(40 dB, 30 dB, and 20 dB) and re-evaluate the accuracy. Table 4 report the resulting MAE, where SIHNO
retains the lowest error at every noise level, rising only from 0.0448 (clean) to 0.0711 at 20 dB. This
indicates that the symplectic symmetry represented by HFP acts as an implicit regularizer that suppresses
high-frequency perturbations and discontinuities, reducing the effect of noise injections.
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Figure 10. Rotation-equivariance error as a function of the input rotation angle θ .
SIHNO sustains the lowest error envelope at all angles and contracts to near-zero at
the orthogonal (D4) angles.

Table 4. MAE under additive Gaussian input noise at three signal-to-noise ratios,
evaluated at inference time without retraining. Bold marks the best value in each column,
and underline indicates the second best.

Model Clean 40 dB 30 dB 20 dB

FNO [18] 0.0538 0.0543 0.0576 0.0784
PINO [34] 0.0529 0.0533 0.0561 0.0746
NSM [20] 0.1072 0.1074 0.1079 0.1124
PINN [31] 0.1999 0.2000 0.1998 0.2004
HNN [35] 0.1291 0.1292 0.1295 0.1311
SIHNO (Ours) 0.0448 0.0453 0.0486 0.0711

4.5. Ablation study

To dissect the individual contributions of geometric symmetry and symplectic symmetry within our
framework, we conducted a comprehensive ablation study. We evaluate the full SIHNO model against two
ablated variants: (i) the w/o RSLP variant, where the rotation-steerable geometric projector is replaced
by a standard convolutional stem, and (ii) the w/o HFP variant, where the Hamiltonian latent coupling
module is removed. The predictive performance of these models was quantified across three representative
rotation angles at 10°, 45°, and 270° respectively. We reuse the same eight evaluation metrics in the
previous experiments, covering global accuracy, structural fidelity, and physics-aware high-frequency
errors. The result is displayed in Table 5.
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Table 5. Component ablation under input rotation. Bold marks the best value in each
column, and underline indicates the second best.

Angle Variant MAE ↓ Rel. L2 ↓ PSNR (dB) ↑ R2 ↑ SSIM ↑ Lap. Err ↓ Grad. RMSE ↓ Boundary MAE ↓

10◦
w/o HFP 0.0727 18.91% 18.95 0.6920 0.8430 0.1625 0.0590 0.0394
w/o RSLP 0.0693 16.37% 19.03 0.7578 0.8552 0.1555 0.0561 0.0383
SIHNO 0.0634 15.60% 20.85 0.7630 0.8633 0.1487 0.0544 0.0354

45◦
w/o HFP 0.1142 25.88% 15.82 0.5236 0.7598 0.1974 0.0959 0.0875
w/o RSLP 0.1074 22.52% 16.83 0.5342 0.7780 0.1898 0.0880 0.0818
SIHNO 0.0953 21.22% 17.46 0.5926 0.7912 0.1785 0.0827 0.0763

270◦
w/o HFP 0.0453 11.48% 24.95 0.8790 0.8804 0.0982 0.0397 0.0240
w/o RSLP 0.0474 11.84% 24.71 0.8827 0.8739 0.1006 0.0409 0.0277
SIHNO 0.0438 11.28% 25.16 0.8892 0.8842 0.0973 0.0389 0.0233

The necessity of the dual-symmetry architecture is displayed clearly under variational rotational
perturbations. At angles of severe grid-misalignment like 45°, removing either component incurs great
penalty. Specifically, the w/o RSLP variant exhibits degraded global metrics, confirming that without
geometric canonicalization, error brought by rotation corrupts the latent mapping inside the model.
Conversely, eliminating the HFP module pushes the Boundary MAE greatly, indicating that without
symplectic symmetry, the model fails to maintain local force equilibrium at complex porous interfaces.
This comparison provides detailed illustrations of interface fidelity and stress leakage suppression. RSLP
preserves rotation equivariance under arbitrary orientations, while HFP maintains stress prediction.

In summary, the ablation study comprehensively demonstrates that neither rotation-steerable geometric
encoding nor Hamiltonian latent coupling alone is sufficient to deal with the complex physics of architected
metamaterials under arbitrary image rotations. SIHNO acts as a symmetry regularizer that yields
comprehensive and robust stress prediction results for porous metamaterials.

4.6. Computational cost

Beyond predictive accuracy, practical deployment for online AM monitoring also requires favorable
computational cost. In terms of computational cost, SIHNO contains approximately 1.25×106 trainable
parameters (1253137 ), and performs inference in about 1.9 ms per topology slice, which is orders of
magnitude faster than the corresponding Abaqus simulation and thus supports online AM monitoring.
Table 6 reports a comparison of model size, inference latency, peak GPU memory, and accuracy across all
baselines on identical hardware. SIHNO maintains millisecond speed while attaining the lowest error.

Table 6. Computational cost on identical hardware. Inference latency is measured per
64×64 slice after GPU warm-up. Bold marks the best MAE.

Model Params Latency (ms) GPU mem (MB) MAE ↓

FNO [18] 1188385 1.64 57.8 0.0538
PINO [34] 1188300 1.65 57.1 0.0529
NSM [20] 1581553 0.64 56.4 0.1072
PINN [31] 643393 0.72 64.4 0.1771
HNN [35] 1201409 0.95 53.3 0.1291
SIHNO (Ours) 1253137 1.91 69.5 0.0438
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5. Conclusion

This work presented SIHNO, a symmetry-imbued Hamiltonian neural operator for stress-field prediction
of porous metamaterials. The proposed Rotation-Steerable Lattice Projector encodes continuous-angle
rotational symmetry through steerable convolutional kernels, reducing orientation bias under arbitrary
in-plane rotations. The Hamiltonian-Fueled Propagator introduces a Hamiltonian-constructed latent
bias that promotes global mechanical coherence without imposing pointwise PDE residuals , while the
slice-aware convolutional decoder reconstructs sharp stress fields near discontinuous void-solid interfaces.
Comprehensive experiments show that SIHNO achieves improved prediction accuracy, off-grid rotation
robustness, and boundary stress fidelity compared with other neural operator baselines.
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