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Abstract. Statistical shape modeling (SSM) from point clouds is in-
creasingly practical because learned methods can amortize correspon-
dence prediction, but current point-cloud SSM networks remain tied to
the input sampling regime used during training. In multi-site anatomical
studies, point clouds may come from segmentation or meshing pipelines
with different vertex densities, sparse intraoperative scans, or dense research-
grade reconstructions; a model trained at one input resolution should
therefore produce a consistent ordered point distribution model when
the same anatomy is sampled differently. This resolution-generalization
gap, rather than native-resolution accuracy alone, is the focus of this
work. We introduce NO2SSM, a neural-operator formulation of self-
supervised point-cloud SSM that decouples correspondence prediction
from the input point count. NO2SSM uses a Geometry-Informed Neu-
ral Operator (GINO)-style encoder: radius-based graph integral oper-
ators transfer features between the irregular input point cloud and a
fixed latent grid, and Fourier Neural Operator layers perform global
spectral mixing on that grid. Unlike generic neural operators, which
predict fields at query locations, SSM requires a fixed-cardinality, or-
dered, population-consistent point set. We therefore couple the opera-
tor encoder to a Point2SSM-style attention correspondence head that
maps fixed landmark identities to probability distributions over the in-
put samples, producing surface-anchored correspondence points as con-
vex combinations of the observed geometry. Across pancreas, liver, and
left-atrium datasets, NO2SSM matches state of the art baselines at the
native training resolution while degrading substantially less when the in-
put point count and sampling density vary at inference without retrain-
ing. This input-resolution robustness enables correspondence upsampling
from sparse point-cloud evidence and provides a direct path toward re-
producible SSM construction across heterogeneous acquisition and pre-
processing settings. Our results suggest that the main value of neural op-
erators for SSM is not simply replacing a point encoder, but addressing
a structural resolution-generalization limitation of fixed-discretization
point-cloud networks.

Keywords: Statistical Shape Modeling - Neural Operators - Resolution
Generalization - Point Clouds.
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1 Introduction

Statistical shape modeling (SSM) quantifies population-level variation in anatom-
ical morphology and underpins a wide range of clinical and biomechanical analy-
ses, including neuroscience [11], orthopedics [5, 7], cardiology, implant design [13],
and growth modeling [22, 4]. A widely used SSM representation is the correspondence-
based point distribution model (PDM), in which every shape in a cohort is
described by a dense set of ordered landmarks whose indices have consistent
anatomical meaning across subjects [9,8, 10, 20]. Establishing these correspon-
dences is the central difficulty. Traditional construction methods, such as particle-
based optimization [8], can produce high-quality models but typically require
clean segmentations or surface meshes, rely on templates or regularization as-
sumptions, and incur group-wise optimization costs that must be repeated or
updated when new subjects are added.

Learning-based methods reduce this cost by amortizing SSM prediction.
DeepSSM-type methods regress PDM coordinates or loadings from images after
correspondences have already been established by an external SSM pipeline [6].
They therefore learn an image-to-PDM shortcut, which is valuable but distinct
from discovering correspondences directly from geometry. Point2SSM instead
learns ordered correspondence points directly from anatomical point clouds us-
ing a self-supervised reconstruction objective and an attention map from fixed
landmark identities to input samples [1]. After training, a forward pass yields
a PDM for an unseen subject in seconds, making point-cloud SSM construction
far more practical at scale.

A remaining limitation is input-resolution generalization. Point-cloud SSM
networks are usually trained and evaluated at a prescribed input cardinality, and
their learned features are computed over the input sampling itself: PointNet-like
models aggregate over a finite set of samples [18,19], while DGCNN-like models
rebuild local neighborhoods from the sampled points [21]. Although such net-
works may accept different point counts syntactically, their learned neighborhood
statistics and attention maps are not operators over a continuous surface. When
the same anatomy is represented by a sparser, denser, or differently distributed
point set, the effective local scale and feature distribution seen by the network
change. This issue is clinically relevant: multi-site cohorts often combine seg-
mentations produced by different preprocessing pipelines, mesh vertex density
can vary with scanner resolution or meshing choices, and sparse intraoperative
or portable-device scans may need to be compared with dense research-grade
reconstructions.

Point2SSM++ addresses an important but distinct robustness problem. It ex-
tends Point2SSM with normalization and consistency losses that encourage sam-
pling invariance and rotation equivariance [2]. However, its sampling-consistency
objective compares different sampled views at a fixed prescribed cardinality,
rather than making the encoder a discretization-independent map that can
be evaluated across substantially different input resolutions at inference. Our
question is therefore complementary: if the correspondence head, reconstruction
loss, and correspondence regularization are held fixed, can replacing a fixed-
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discretization point encoder with a neural operator improve generalization across
input point count and sampling density without retraining?

Neural operators provide a natural modeling framework for this question
because they learn mappings between function spaces rather than between fixed-
dimensional vectors [12]. DeepONet established the operator-learning paradigm
through a branch—trunk architecture [17], while the Fourier Neural Operator
(FNO) parameterizes integral kernels in the spectral domain, yielding global
receptive fields and zero-shot super-resolution on regular grids [15]. Because FNO
assumes grid-structured data, the Geometry-Informed Neural Operator (GINO)
bridges irregular geometry to the FNO using graph kernel-integral operators that
transfer signals between a point cloud and a fixed latent grid [16]. This design
is especially appealing for anatomy, where the underlying surface is continuous
but the observed point cloud is only one discretization of that surface.

Applying neural operators to SSM is not a direct use of standard opera-
tor learning. Generic neural operators usually regress a field at user-specified
query locations; SSM requires a fixed-cardinality, ordered set of correspondence
points whose indices remain meaningful across subjects. NO2SSM addresses this
operator-to-PDM mismatch by using the neural operator as the geometry en-
coder, not as an unconstrained coordinate regressor. Specifically, a GINO-style
encoder lifts irregular point-cloud samples to a fixed latent grid using radius-
based graph integral operators, performs global spectral reasoning with an FNO,
and decodes the resulting feature field back to the input samples. A Point2SSM-
style attention head then predicts a row-stochastic map from M fixed landmark
identities to the N input samples, and each correspondence point is computed as
a convex combination of the observed points. This design preserves the ordered
PDM output structure while giving the encoder a continuum-style inductive bias
for variable input sampling.

The value of this formulation should be evaluated by resolution generaliza-
tion, not only by in-distribution reconstruction at the training cardinality. We
evaluate NO2SSM on pancreas, liver, and left-atrium datasets from the Medical
Segmentation Decathlon [3], and compare against Point2SSM and Point2SSM++
under a controlled setup that isolates the encoder contribution. In addition to
native-resolution Chamfer distance, point-to-face distance, and standard SSM
metrics, we report resolution sweeps, measuring whether predictions for the same
subject remain stable as N changes.

Our contributions are as follows:

— We identify input-resolution generalization as a central gap in learned point-
cloud SSM and evaluate it explicitly through resolution and sampling-density
sweeps.

— We introduce NO2SSM, a neural-operator formulation of point-cloud SSM
that replaces the fixed-discretization point encoder with a GINO-style oper-
ator encoder while retaining the ordered PDM output structure.

— We define an operator-to-PDM coupling: the operator encoder provides input-
sampling robustness, while a Point2SSM-style attention head maps fixed
landmark identities to surface-anchored correspondences.
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— We compare against Point2SSM and Point2SSM++ under controlled native-
resolution, sparse-input, and variable-resolution settings, showing that the
operator encoder provides substantially stronger resolution generalization
without retraining.

2 Methods

2.1 Problem Formulation

Let § = {Sb}ljj3 42t denote a cohort of pre-aligned anatomical shapes, where each

full target point cloud S® = {s'}2,, s € R3, samples the surface of subject b.

During training, an input point cloud X = {22}t C S? is sampled from this

full target. The goal is to predict an ordered set of M correspondence points
Ct = {1 M b, € R?,

m=1>

such that C? reconstructs the target anatomy and the point index m has con-
sistent anatomical meaning across subjects.
We learn a mapping

Fo:Xbm OV CPeRMS, (1)

in a self-supervised manner. The full point cloud S? is used only as a reconstruc-
tion target; no manually annotated landmarks are required. Following Point2SSM [1],
NO2SSM does not directly regress free landmark coordinates. Instead, the net-
work predicts a row-stochastic probability map

Ny
Ab = -AQ(Xb) € [Oa 1]MXNba ZA?YM, = 1a (2)
=1

and computes each correspondence point as a convex combination of the observed
input samples:

Ny
&, => Ab.ab,  C'=A'X" (3)
i=1

The fixed row index m defines the correspondence ordering across subjects,
whereas the softmax-normalized weights allow each correspondence point to
adapt to subject-specific geometry. Because each output is a convex combination
of input samples, the prediction is anchored to the observed geometry and lies
in the convex hull of the input point cloud rather than being an unconstrained
coordinate regression.

At training time, NV, is usually fixed to a nominal value Ni;ain. At inference,
however, we allow the input cardinality to vary. Let X Jb\, C S° denote an N-point
sampling of the same underlying anatomy. A resolution-robust correspondence
predictor should produce ordered correspondence sets

C% = Fo(XY¥)

that remain accurate and anatomically consistent as N and the sampling density
change, without retraining the model.



NO2SSM 5

2.2 Neural-Operator Background

Neural operators learn mappings between function spaces rather than mappings
between fixed-dimensional vectors [12]. Let G' : @ + u denote an unknown
operator that maps an input function a defined on a domain D to an output
function u. A generic neural-operator layer updates a feature field v, : D — R%
by

ve(a) = o (Wm<x>+ [ e gyunts du(y)), ()

where W, is a pointwise linear map, kg is a learned kernel, i is a measure on D,
and o is a nonlinear activation.

The Fourier Neural Operator (FNO) parameterizes the integral term on a
regular grid in the spectral domain [15]. For a grid feature field Z¢, an FNO
layer can be written as

75 =0 (W 2" + F 1 (0, - F(2Y)), (5)

where F and F~! are the Fourier transform and inverse Fourier transform, and
Oy is a learned complex-valued tensor applied only to a truncated set of low-
frequency Fourier modes. This spectral parameterization provides global mixing
on the latent grid.

The Geometry-Informed Neural Operator (GINO) combines graph neural
operator (GNO) integral transforms with FNO layers so that irregular geometric
data can be lifted to a regular latent grid, processed spectrally, and decoded back
to irregular query locations [16]. NO2SSM follows this GINO-style point—grid—
point design, but uses it as a geometry encoder for SSM rather than as a generic
field regressor. In the current implementation, the GNO transfer layers use Kg-
nearest-neighbor neighborhoods for efficient batched point-cloud processing:

NKG (;Y) = kNN, (¢,Y), (6)

where ¢ is a query coordinate and Y = {y; ;-Zl is the source coordinate set. The
resulting graph integral layer is

Ko@) = 2= 3wl vy 4w 0l @

Y ENK G (¢;Y)

where kg is an MLP kernel whose inputs are the query coordinate, source coor-
dinate, relative coordinate, and source feature. This gives a GINO-style kernel-
integral transfer between irregular points and the regular latent grid. Since the
current implementation uses fixed Kg-nearest neighbors rather than fixed-radius
neighborhoods, we treat resolution robustness as an empirical property to be
evaluated directly through resolution sweeps.

2.3 NO2SSM Architecture

NO2SSM replaces the fixed-discretization point-cloud encoder used in Point2SSM
with a GINO-style neural-operator encoder while retaining the Point2SSM at-
tention correspondence head and training losses. Given a normalized input point
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cloud
X = {z ), e RV,

the model consists of six stages: coordinate lifting, GNO encoding from the
input points to a latent grid, FNO processing on the latent grid, GNO decoding
from the latent grid back to the input points, attention-based probability-map
prediction, and convex-combination correspondence generation.

Coordinate lifting. Fach input coordinate is embedded by a shared MLP:
hi:pg(l‘i)GRch, i=1,...,N. (8)

In the implementation, py is a two-layer MLP with GELU activation and hidden
width Ch.

GNO encoder: point cloud to latent grid. Let

Ir={g}i, c [-1,1)° 9)

denote a fixed regular latent grid of resolution R x R x R. The first graph integral
operator transfers lifted point features from the irregular input point cloud to
the latent grid:

22 = Ko Z k5 (9q, Tiy Gg — T4, hi), g=1,...,R%. (10)
z; €Nk g (94:X)

Here Nk, (g94; X) denotes the K¢ nearest input points to latent-grid coordinate
9q, and ky' is an MLP kernel.

FNO processing on the latent grid. The grid features {22}5231 are reshaped into

70 c RcthxRxR
and processed by Lp three-dimensional FNO layers:
7' = GELU Wzt + F~ 1 (0, - F(ZY))), ¢=0,...,.Lp—1. (11

Only the lowest Kr Fourier modes are retained along each spatial dimension,
with K capped by the Nyquist limit of the latent grid.

GNO decoder: latent grid to input point cloud. The second graph integral op-
erator decodes the globally mixed latent-grid field back to the original input
coordinates:

B 1 .
el Y e na ), imlN
9q€ENK 5 (zi;TR)
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This yields a per-point operator feature h; € R, To preserve high-frequency
local coordinate information that may be attenuated by the latent-grid bottle-
neck, NO2SSM concatenates the decoded operator feature with the original lifted
coordinate feature:

hi = [hi, hi] € R¥n, (13)

A final projection MLP maps this concatenated feature to the latent dimension
expected by the correspondence head:

fi = mo(hi) € R (14)
The encoder output is therefore

F=[fi,.... ] € REXV,

Attention correspondence head. The correspondence head is the Point2SSM at-
tention module. It maps the per-point feature tensor F' to M landmark-specific
logits over the input samples. We write the three attention blocks as

@1 :RLXN%RJVIXN, @2,¢BZRMXN—>RJWXN.

Each block is a cross-transformer block applied with identical source and target
features, using multi-head attention over the point dimension followed by a feed-
forward layer. The final probability map is

A = softmaxy (3 (o (P1(F)))) € [0, 1]M*N] (15)

where the softmax is applied across the N input points. Thus, each row A4,, is a
probability distribution over the observed point cloud for landmark identity m.
The final correspondence prediction is computed by Eq. (3).

2.4 Training Objective

NO2SSM is trained with the same reconstruction and correspondence-regularizing
terms used by Point2SSM [1]. The reconstruction term is a Chamfer distance

between the predicted correspondence set C® and the full target point cloud S°.

For p € {1,2}, we define

1 1
= — 1 — p - ] _ p
CD,(C, 5) ] ;ecrsrgg lle—sli} + 5] ;ESrcglg l[s = cllp- (16)

The implementation computes both CD; and CDs, and uses the version specified
by the training configuration.

Chamfer distance is permutation invariant and therefore does not by itself
enforce consistent correspondence ordering. We therefore include the mapping
error regularizer used in DPC and Point2SSM [14, 1]. For a source prediction
C® and target prediction C°, let N (c%,; C?) denote the K nearest neighbors of
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¢t in C'%, including c?, itself. The self-neighbor is removed when computing the
loss. The mapping error from C® to C? is

M a all2
o e — <5l
ME(C*,C") =) > exp (- — 2 b, =<3 )

m=1jeNk (cf,;C*)\{m}

This loss encourages local neighborhoods in one subject to remain local at the
same correspondence indices in another subject, promoting consistent anatom-
ical parameterization across the cohort. In the implementation, 7 = 8.0 and
K =10.

For a minibatch of size B, let

P ={(a,b):a#b, y* =y} (18)

be the set of ordered sample pairs with the same anatomy label. In single-
anatomy training, all distinct pairs are included. The total loss is

B
1 1
E:—E:CD cb, st — EjMEcacb 19
B b=1 P50+ alp‘ (a,b)€P (0, 19

where « is the mapping-error weight. If no valid same-label pair is present in a
minibatch, the mapping-error term is set to zero.

2.5 Evaluation Metrics

An accurate SSM must satisfy two complementary requirements. First, the pre-
dicted point set should reconstruct the anatomical surface. Second, the ordered
points should define consistent correspondences that yield compact and mean-
ingful population statistics. We therefore report both point-surface accuracy
metrics and SSM correspondence metrics.

Point-surface accuracy. We report Chamfer distance, computed as in Eq. (16).
When triangular surface meshes are available, we also compute point-to-face
distance:

| M

P2F(C, M) = — min d(cm, f), 20

(M) =57 X min, dlem. ) (20)

where F(M) is the set of triangular faces in mesh M, and d(c;,, f) is the Eu-
clidean distance from point ¢, to face f.

Distributional reconstruction. When comparing point distributions, we also re-
port the Cauchy—Schwarz divergence. Let po and pg be kernel-density estimates
of the predicted correspondence set C' and target point cloud S, respectively.
The Cauchy—Schwarz divergence is

1 1
CS(C,S) = —log/pc(x)ps(x) dx + 3 log/pc(:c)2 dx + 3 log/ps(m)2 dx.
(21)
Lower values indicate greater similarity between the predicted and target point
distributions.
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SSM correspondence quality. To evaluate whether the predicted ordered points
form a useful statistical shape model, each correspondence set is vectorized as
c=lef,...,cy)" €RM,
and PCA is performed on the training correspondence cohort. Let A\ > Ay > ...
be the PCA eigenvalues and u, the corresponding eigenvectors.
Compactness is the number of PCA modes required to explain 95% of the
training shape variation:

q
Comp. = min {q : 275_1/\/\7 > 0.95} . (22)

A smaller value indicates that the model captures population variation with
fewer parameters.

Generalization measures how well the training SSM reconstructs unseen test
correspondences. For a test correspondence vector c, let

e=c+y [(c—o) u]u, (23)

be its reconstruction using the first ¢ modes. The generalization error is

1 .
Gen. = Z lc — ¢||3. (24)

|Dtest | cEDyest

Specificity measures whether samples drawn from the learned SSM resemble
valid training anatomies. We sample

q
c :éJngr\//\irUm ET NN(Oa 1)5 (25)
r=1

and compute

1
Spec. = ——— min ||c’ — c||3. (26)
|Dsamp1e| c/EDzsinple cEDxrain
Lower specificity indicates that generated samples lie closer to the empirical
training distribution. Finally, we report the average pairwise mapping error in
Eq. (17) as an explicit correspondence-neighborhood consistency metric.

2.6 Implementation Details

NO2SSM was implemented in PyTorch. Unless otherwise specified, each train-
ing input contained Ni,,in = 1024 points and the network predicted M = 1024
ordered correspondence points. The latent feature dimension passed to the atten-
tion head was L = 128. The neural-operator encoder used hidden width C}, = 64,
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a fixed latent grid of resolution R = 16 per axis, four FNO layers (Lr = 4), and
K = 8 retained Fourier modes along each spatial dimension. Since R = 16, this
mode count is capped at the latent-grid Nyquist limit. The GNO encoder and
decoder each used K¢ = 8 nearest neighbors and a kernel-MLP hidden width
of 64. The skip connection from the lifted coordinate features to the decoded
operator features was enabled.

The model was trained with the squared Chamfer variant CDs, specified
in the configuration as cd_12, together with the mapping-error regularizer. The
mapping-error weight was o = 0.1, and the mapping-error neighborhood size was
K = 10. Training used Adam with learning rate 5 x 1072, 5; = 0.9, 83 = 0.999,
and zero weight decay. The batch size was 4. Models were trained for at most
3000 epochs with early stopping enabled; early stopping began after epoch 500
and used a patience of 100 epochs.

3 Results

3.1 Dataset

We evaluated NO2SSM on three anatomical datasets from the Medical Seg-
mentation Decathlon [3]: pancreas, liver, and left atrium. These anatomies were
selected to cover different organ scales, surface complexity, and population vari-
ability. For each subject, the segmentation was converted to a surface representa-
tion and sampled to obtain a full target point cloud S°. During training, an input
point cloud X? C S® was sampled from the target and the model predicted an
ordered correspondence set C*. Unless otherwise stated, all models were trained
with Nirain = 1024 input points and predicted M = 1024 correspondence points.
The same preprocessing, train/validation/test split, reconstruction loss, mapping-
error regularizer, correspondence head, optimizer, and training schedule were

used for NO2SSM and the Point2SSM-family baselines.

3.2 Results

Point-surface and correspondence metrics We first compared the native-
resolution performance of NO2SSM against Point2SSM and Point2SSM+-+ at
Niest = Nirain = 1024. For each dataset, we report box plots of the surface
reconstruction and correspondence metrics over the test subjects. Specifically,
we report the squared Chamfer distance CDs, Cauchy—Schwarz divergence (CS),
point-to-face distance (P2F), and mapping error. Lower values indicate better
performance for all four metrics.

Figure 1 summarizes these metrics across the pancreas, liver, and left-atrium
datasets. Each row corresponds to one dataset and each column corresponds to
one metric. Each panel compares Point2SSM, Point2SSM-++, and NO2SSM.
Across the native-resolution setting, NO2SSM remains competitive with the
Point2SSM-family baselines while preserving the same ordered PDM output
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Fig. 1. Native-resolution point-surface and correspondence metrics. Each box summa-
rizes the distribution over test subjects at Niest = 1024. Lower values are better for all
metrics.

structure. This result is important because it shows that replacing the point-
cloud encoder with the neural-operator encoder does not compromise the stan-
dard SSM reconstruction setting. The main advantage of NO2SSM is there-
fore evaluated through resolution generalization rather than claimed solely from
native-resolution accuracy.

Table 1 shows that NO2SSM produces SSMs with quality comparable to
the Point2SSM-family baselines. Point2SSM+- achieves the best compactness
and generalization on all three datasets, which is expected given its additional
robustness and consistency terms. NO2SSM remains close to these values, with
similar compactness and generalization on the pancreas and liver datasets, and
only a small degradation on the left atrium. Notably, NO2SSM achieves the best
specificity on the pancreas dataset and remains competitive on the liver and
left atrium. These results indicate that replacing the fixed point-cloud encoder
with the neural-operator encoder does not substantially degrade the statistical
quality of the ordered correspondence model, while the resolution-sweep results
demonstrate its stronger robustness to changes in input point count.

Resolution generalization The central claim of NO2SSM is that the learned
correspondence predictor should be less tied to the input point count used during
training. We therefore trained each model at Nt = 1024 and evaluated the
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Table 1. SSM quality metrics computed from the ordered correspondence sets. Com-
pactness is the number of PCA modes required to explain 95% of training shape vari-
ation. Lower values are better for generalization, specificity, and compactness.

Dataset Method Compactness | Generalization | Specificity |
Pancreas  Point2SSM 16 2.12 3.83
Point2SSM++ 15 1.99 3.8
NO2SSM 16 2.17 3.75
Liver Point2SSM 46 6.12 7.59
Point2SSM++ 42 5.98 7.28
NO2SSM 45 6.01 7.44
Left atrium Point2SSM 20 1.9 4.3
Point2SSM-++ 18 1.79 4.25
NO2SSM 21 1.93 4.39

same checkpoint without retraining or fine-tuning at
Niest € {64,128,256,512,1024, 2048, 4096}.

For each test resolution, the input point cloud was resampled to the specified
cardinality while the target point cloud used for computing reconstruction error
was kept fixed. The cases Niest < 1024 test sparse-input correspondence predic-
tion, while Nyt > 1024 tests whether the model remains stable under denser
input sampling.

Figure 2 shows the resulting resolution sweep. At the native training resolu-
tion, the three methods have similar Chamfer distance. Away from the training
resolution, the baselines degrade more strongly, especially under sparse input
sampling. NO2SSM maintains substantially lower Chamfer distance at Niest <
512 and remains stable for dense inputs, supporting the claim that the neural-
operator encoder improves resolution generalization relative to fixed point-cloud
encoders.

Table 2 summarizes the same experiment. Although Point2SSM and Point2SSM—++
have slightly lower native-resolution Chamfer distance, NO2SSM has the lowest
mean error over the full resolution sweep and the lowest error under both sparse
and dense input settings.

3.3 Ablation Studies

We performed ablation studies on the pancreas dataset to evaluate the two main
hyperparameters of the NO2SSM encoder: the latent-grid resolution R and the
GNO neighbor count Kg. In both ablations, the model was trained at Nipain =
1024, and the figures report the native-resolution result at Nyes; = 1024. The
correspondence head, output cardinality, training loss, optimizer, FNO depth,
hidden width, and training split were held fixed.
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Fig. 2. Resolution-generalization experiment. Each model was trained at Nirain = 1024
and evaluated without retraining at the input point counts shown. The dashed vertical
line indicates the training input resolution.

Latent-grid resolution R The latent grid determines the resolution of the
regular feature field on which the FNO performs global spectral mixing. We
varied R € {8,16,24,32} while holding all other hyperparameters fixed. Fig-
ure 3(A) shows that increasing R improves native-resolution Chamfer distance,
with the largest gain observed when increasing from R = 8 to R = 16. Larger
grids continue to improve the metric, but with smaller incremental gains. We
therefore use R = 16 as the default configuration because it provides a strong
accuracy—capacity trade-off while avoiding the substantially larger latent grids
required by R =24 and R = 32.

GNO neighbor count Kz We next varied the number of nearest neighbors
used by the GNO point—grid and grid—point transfer layers. The latent-grid res-
olution was fixed at R = 16, and the GNO neighbor count was varied over
K¢ € {4,8,16,32}. As shown in Figure 3(B), increasing K¢ from 4 to 8 sub-
stantially improves native-resolution Chamfer distance, while further increasing
the neighborhood size produces only marginal gains. This suggests that Kg = 8
is sufficient for stable point—grid feature transfer in the default setting, and that
larger neighborhoods provide limited additional benefit relative to their increased
aggregation cost.
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Table 2. Resolution-generalization summary over Niest €
{64,128,256, 512, 1024, 2048, 4096}. Native CD is measured at Nyt = 1024.
Sparse CD averages Niest < 256, and dense CD averages Niest > 2048. Max. relative
degradation is computed relative to the native-resolution CD for each method. Lower
values are better.

Method Native CD | Mean sweep CD | Sparse CD | Dense CD | Max. relative degradation |
Point2SSM 4.112 6.547 8.469 5.235 1.379
Point2SSM-++ 4.089 5.918 7.403 5.135 1.088
NO2SSM 4.248 4.808 5.695 4.095 0.612
(A) Pancreas, N = 1024 (B) Pancreas, Ny = 1024
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Fig. 3. (A)Latent-grid resolution ablation on the pancreas dataset at Niest = 1024.
Increasing R improves native-resolution reconstruction, with the largest improvement
occurring between R = 8 and R = 16. (B) GNO neighbor-count ablation on the
pancreas dataset at Niess = 1024 with R = 16. Performance improves from K¢ = 4 to
K¢ = 8 and then saturates for larger neighborhoods

4 Conclusion

We introduced NO2SSM, a neural-operator formulation of point-cloud statistical
shape modeling that replaces the fixed point-cloud encoder of Point2SSM with
a GINO-style GNO-FNO-GNO encoder while preserving the attention-based
ordered PDM output. Across pancreas, liver, and left-atrium datasets, NO2SSM
achieved native-resolution performance comparable to Point2SSM-family base-
lines and showed stronger robustness when the input point count changed at
inference, highlighting resolution generalization as the main benefit of the op-
erator encoder. Ablations on latent-grid resolution and GNO neighborhood size
showed that R = 16 and K = 8 provide a practical accuracy—capacity trade-off.
The results suggest that neural-operator encoders are a promising direction for
SSM methods that must operate across heterogeneous anatomical point-cloud
resolutions.

Data Statement. This study relies exclusively on the publicly available Medical
Segmentation Decathlon pancreas, liver and left-atrium datasets, which are fully de-
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identified. As no new data involving human participants were collected, no additional
ethical approval or participant consent was required.
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