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Abstract. Accurate brain age prediction is essential for understanding
neurodevelopmental trajectories and detecting abnormal aging patterns.
Morphological features derived from cortical shape provide informative
structural representations for brain age prediction. Recent deep learning
approaches for surface analysis primarily rely on local aggregation mech-
anisms. Transformer- and Mamba-based architectures model long-range
dependencies through patch partitioning combined with self-attention or
selective scan. However, these strategies introduce high computational
cost, uncertainty at patch boundaries, and sensitivity to surface rota-
tions that necessitate anatomical registration or extensive data augmen-
tation. To address these limitations, we propose SPHARM-Mamba, a
spherical harmonics-based generic backbone for genus-zero surface data
that eliminates patch partitioning and avoids surface registration. To
this end, dense cortical signals are projected onto spherical harmonics
to construct compact rotation-invariant descriptors naturally ordered
from global to local scales. Mamba is then employed to model depen-
dencies across harmonic degrees and capture multiscale interactions ef-
ficiently. Experiments on cortical age prediction demonstrate superior
performance over existing geometric and patch-based models with sub-
stantially fewer parameters. The software is available at https://github.
com/Shape-Lab/SPHARM-Mamba.

Keywords: Cortical surface analysis · Brain age prediction · Spherical
harmonics · Mamba · Geometric deep learning

1 Introduction

Brain age prediction provides a valuable biomarker for quantifying neurobiologi-
cal maturation across the lifespan and detecting abnormal developmental trajec-
tories [1,4,5,17]. Estimating brain age from cortical surfaces employs morpholog-
ical features to enable effective age prediction [19,28]. This often requires effec-
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tively capturing geometric patterns on complex manifolds while preserving large-
scale cortical organization and local morphological detail. Early convolution-
based methods demonstrated strong capability in learning local cortical struc-
tures. To extend their receptive fields, later approaches introduced hierarchical
graph sampling [20] and convolutional generalizations [3,26,29]. However, these
methods lack explicit mechanisms for modeling long-range cortical interactions,
which are essential for brain age prediction as age-related changes are spatially
distributed across distant regions [6,23,27]. Accurate estimation thus requires
multiscale modeling from global to local morphology.

Attention-based architectures have driven efforts to capture long-range de-
pendencies on cortical surfaces. Surface Vision Transformer (SiT) [7] projects
cortical surfaces onto the sphere and partitions them into patches that interact
via global attention. This design enables interactions beyond local convolutional
neighborhoods, but incurs substantial computational and memory overhead that
limits the model to low-resolution representations. Later, Multiscale Surface Vi-
sion Transformer (MS-SiT) [8] replaces global attention with hierarchical lo-
cal attention using shifted windows to reduce computational cost and support
higher-resolution inputs for improved performance. In parallel, Surface Vision
Mamba (SiM) [13] adopts the same patch-based framework and replaces the
transformer with Mamba, achieving comparable predictive performance while
improving memory efficiency and inference speed.

Despite these advances, patch-based architectures are still constrained by
partitioning. This constraint introduces boundary inconsistencies across train-
ing samples under imperfect shape correspondence. Moreover, compressing high-
dimensional structural relationships within each patch into a fixed-dimensional
token embedding inevitably results in the loss of fine-grained geometric infor-
mation [16]. Sequence-based formulations such as SiM [13] require explicit patch
ordering which overlooks geometric continuity and causes a structural mismatch
despite bidirectional modeling. As a result, patch-based transformer and Mamba
models remain sensitive to rotations and typically require anatomical registra-
tion or extensive data augmentation to achieve competitive performance.

In this paper, we propose a spherical harmonics–based Mamba (SPHARM-
Mamba), a generic backbone network for genus-zero surface analysis. The pro-
posed method departs from patch-based representations and constructs compact
rotation-invariant descriptors in the spherical harmonic domain. By perform-
ing convolution directly in the spectral domain, the framework preserves high-
resolution surface information and enables rich channel-wise feature integration
within each harmonic degree. Unlike patch representations, harmonic decomposi-
tion follows a natural progression from global structures to local details and thus
forms a structure-aware ordered sequence intrinsically compatible with Mamba
[11]. We further employ Mamba to model cross-degree dependencies and cap-
ture long-range relationships for multiscale representation learning. This design
enables efficient and expressive surface modeling across spatial scales. The main
contributions of this work are summarized as follows:
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Fig. 1. Overview of the proposed SPHARM-Mamba framework. Input cortical surface
features are projected onto the unit sphere to serve as input channels for SHConv
blocks. Each SHConv block performs SHT followed by rotation-equivariant spectral
convolution and ISHT. The resulting spherical harmonic coefficients are grouped by
harmonic degree and converted into rotation-invariant descriptors through degree-wise
power aggregation. The degree-ordered tokens are embedded and passed to K stacked
Mamba blocks to model cross-degree multiscale dependencies. Global average pooling
and an MLP head produce the final age prediction.

– We demonstrate superior cortical age regression performance without anatom-
ical registration, outperforming existing geometric and patch-based models.

– We introduce a spherical harmonics framework that ensures rotation invari-
ance and enables feature learning within and across harmonic degrees.

– We present a generic backbone for genus-zero surface analysis that achieves
higher accuracy while using only 3.11% of the parameters of the best-performing
baseline, MS-SiT [8].

2 Methods

2.1 Methodlogical Overview

Let f : S2 → RC denote C cortical geometric features defined on the unit sphere.
Our goal is to learn a regression model that predicts a scalar brain age from the
spherical signal f . In this study, we parameterize this regression model using neu-
ral networks. Specifically, we extract deep learning representations from f in the
spectral domain to capture channel-wise interactions (Sec. 2.2). From these rep-
resentations, we construct compact, rotation-invariant descriptors (Sec. 2.3). Fi-
nally, we employ a Mamba-based sequential model to capture harmonic-wise de-
pendencies across spectral components within the resulting descriptors (Sec. 2.4).
Figure 1 illustrates an overview of the proposed framework.

2.2 Spherical Harmonic Convolution

To extract informative features within our framework, we account for the noisy
and heterogeneous nature of cortical geometry by employing spherical convo-
lutions that respect the underlying spherical domain. Among the available for-
mulations, we adopt spherical harmonics-based convolutions due to their natural
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preservation of rotational equivariance and computational efficiency in coefficient-
domain operations [12]. Specifically, we perform harmonic decomposition by ap-
plying the spherical harmonic transform to the cortical surface signals f . At
harmonic degree ℓ and order m, the i-th channel of f (i = 1, . . . , C) can be
encoded by its spectral coefficients Si(ℓ,m). The spherical harmonic convolution
(SHConv) is subsequently performed directly in the spectral domain. By con-
straining the convolutional filters to be zonal, equivariance to 3D rotations is
inherently preserved [12]. In this manner, SHConv enables effective learning of
feature representations by mixing spherical signals f in the spectral domain.

2.3 Rotation Invariant Spectral Descriptors

We now convert the learned rotation-equivariant representations into rotation-
invariant descriptors, as equivariance alone does not guarantee invariance to
arbitrary rotations. These invariant descriptors are then used as inputs to the
Mamba model. From the rotational property of spherical harmonics [18], a 3D
rotation preserves the distribution of spectral energy across harmonic degrees
ℓ. Therefore, a 3D rotation only redistributes coefficients across different orders
m within the same harmonic degree. More formally, we construct a rotation-
invariant descriptor of the i-th channel by aggregating coefficient energy within
each degree ℓ:

Pi(ℓ) =
1

2ℓ+ 1

ℓ∑
m=−ℓ

(Si(ℓ,m))
2
. (1)

After computing the degree-wise power descriptors P (ℓ), we obtain rotation-
invariant representations for each channel up to the maximum degree L ∈ Z+. In
the discrete setting, the descriptor dimensionality is bounded by L, independent
of the mesh sampling density or the signal complexity. Consequently, memory
usage remains stable even as the number of vertices increases. The computational
cost of the transform scales linearly with the number of vertices O(V L2) while
the memory requirement remains O(L2). In practice, L is a fixed constant (e.g.,
L = 80 in our experiments). This property enables the use of high-resolution
surfaces without additional memory burden.

2.4 Cross-Degree Multiscale Modeling with Mamba

Within each harmonic degree, SHConv learns expressive feature representations
through channel-wise interactions. However, it operates separately across degrees
and does not model relationships between different harmonic degrees. Conse-
quently, multiscale dependencies across the degree dimension remain unexplored.
To address this limitation, we treat the degree-wise descriptors as an ordered se-
quence and employ a Mamba-based state-space model to capture cross-degree
multiscale interactions.

Following the spherical harmonic decomposition, rotation-invariant descrip-
tors {P1(ℓ), . . . , PC(ℓ)} are constructed via degree-wise power aggregation of the
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spectral coefficients. These descriptors exhibit an intrinsic coarse-to-fine ordering
along the harmonic degree dimension. Lower degrees capture global structural
patterns, whereas higher degrees encode progressively more localized structural
details. Formally, let the rotation-invariant representation be denoted by degree-
wise vectors P (ℓ) ∈ RC for ℓ = 0, 1, . . . , L, where each degree serves as a token
in a sequence ordered from low- to high-frequency components:

X0 =
[
P (0), P (1), . . . , P (L)

]
. (2)

Since these descriptors are derived from the degree-wise power spectrum, the
initial sequence representation X0 is invariant to rotations of the input spherical
signal. The sequence is fed into stacked Mamba layers:

Xk = Mamba(Xk−1), k = 1, . . . ,K, (3)

resulting in the final sequence representation XK ∈ R(L+1)×C . This formulation
enables explicit modeling of dependencies across harmonic degrees and facilitates
multiscale integration between global and local spectral components. Finally, a
global average pooling operation is applied along the degree dimension, and the
pooled feature is passed to a multi-layer perceptron (MLP) regression head to
predict the subject’s age:

Age = MLP(Pool(XK)) . (4)

Unlike patch-based representations that rely on artificially imposed ordering,
our sequence is naturally defined by the harmonic hierarchy. This structure pre-
serves geometric consistency while compensating for the absence of cross-degree
interactions in SHConv.

3 Experimental Setup

3.1 Dataset

We used T1 weighted scans from four publicly available datasets: HCP [10]
(N=1,113), IXI [15] (N=563), OASIS-1 [25] (N=257), and OASIS-2 [24] (N=373).
For OASIS-1 and OASIS-2, we included only healthy participants. They were
combined into a large adult cohort consisting of 2,306 subjects spanning a wide
age range from 19.98 to 98.00 years (mean ± stdev: 45.94± 21.53). The cortical
surfaces were constructed via the standard FreeSurfer pipeline [9]. We used four
FreeSurfer measures with icosahedral subdivision level up to 6: curv, sulc [9],
cortical thickness, and surface area. We assessed robustness under three different
alignment conditions: (1) the original dataset, (2) a version with cortical surface
registration to fsaverage [9], and (3) a version transformed by uniformly sampled
random SO(3) rotations. All variants contained the same number of samples.
Each hemisphere was used as an independent sample.
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3.2 Implementation Details

Training was performed for 300 epochs using AdamW [22] with an initial learning
rate of 1× 10−4, weight decay of 0.002, and a cosine learning rate schedule [21]
with 20 warmup epochs. The batch size was set to 8, and Smooth L1 loss with β =
10 was used. Two SHConv layers were employed for spectral feature extraction.
The first operated up to harmonic degree 80 with 128 output channels, and the
second up to degree 40 with 256 channels. After degree-wise power aggregation,
each channel was reduced to 41 scalar descriptors (i.e., L=40). For cross-degree
modeling, we used a Mamba module with model dimension 128, state dimension
64, convolution kernel size 4, expansion factor 2, and 4 layers. The regression head
consisted of a single hidden layer with 128 units followed by ReLU activation.

3.3 Baseline Methods

We compared our method with representative convolution-based geometric deep
learning models and patch-based models. For fair comparison across all meth-
ods, we ran parameter optimization and reported performance across all runs:
SurfGNN [20] with input resolutions [5,124; 20,484; 81,924], and TSL depth [2,
4]; MoNet [26] with hidden dimensions [32, 64, 128, 256], and kernel sizes [3,
5, 7]; S2CNN [3] with bandwidth [30, 60, 120] and channel sizes [16, 32, 64,
128]; SU-Net [29] with C1 [32, 64]; SiT [7] with transformer depth [8, 12, 16]
and attention heads [4, 6, 8]; MS-SiT [8] with drop path rate [0.0, 0.05, 0.1] and
window size [7, 9, 11]; and SiM [13] with model dimension [128, 192, 256], state
dimension [8, 16, 32], and depth [12, 24]. For a fair evaluation, the dataset was
divided into five folds with a 3:1:1 split for training, validation, and testing. All
models were trained using Smooth L1 loss, and performance was evaluated using
Mean Absolute Error (MAE, in years). Final results were reported as the mean
and standard deviation of the test MAE across the five folds.

4 Results

4.1 Ablation Study

To validate the proposed framework, we performed ablation studies to examine
the necessity of cross-degree modeling, degree ordering, spatial resolution, and
harmonic degree truncation. We first evaluated the role of cross-degree mod-
eling. The baseline model consists of SHConv layers followed by a multi-layer
perceptron (MLP), as in [14], instead of Mamba. This configuration yields an
MAE of 5.1. Replacing the MLP with the proposed cross-degree modeling using
Mamba reduces the MAE to 4.006, corresponding to a 19.5% improvement. No-
tably, the MLP baseline uses a larger SHConv backbone with more parameters
(0.998M vs. 0.856M) and a larger harmonic basis size (1212 vs. 812). Its worse
performance suggests that the gain comes from Mamba-based cross-degree mod-
eling rather than increased model capacity. This result suggests the importance
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Fig. 2. Ablation study. Evaluation of icosahedral subdivision levels under the default
configuration on an NVIDIA RTX 6000 Ada Generation GPU. The left panel shows
MAE and the right panel shows GPU memory consumption for each subdivision level.

of explicitly modeling cross-degree multiscale dependencies for brain age predic-
tion, where age-related cortical changes are spatially distributed across multiple
structural scales.

We examined the effect of degree ordering on sequence modeling. Spherical
harmonics follow a natural hierarchy from low-frequency global components to
high-frequency local details. In our default setting, the proposed low-to-high
degree ordering achieves an MAE of 4.006. Reversing the order increases the
MAE to 4.634 and results in a 15.7% performance drop. This is likely because
age-related cortical changes are spatially distributed and require a stable global
representation that is progressively refined by local morphological variations. The
proposed low-to-high degree ordering aligns with this principle and facilitates
effective multiscale representation learning for accurate age estimation.

We evaluated performance across icosahedral subdivision levels ranging from
level 2 to level 6. Fig. 2 plots the MAE and memory consumption across sub-
division levels. Predictive accuracy improves as spatial resolution increases and
indicates that higher-resolution surfaces provide more informative cortical repre-
sentations. As described in Section 2, the number of vertices increases substan-
tially while memory consumption remains nearly unchanged, which allows stable
training at high resolution. Based on empirical performance and computational
efficiency, we used a subdivision level of 6 for the final model.

We analyzed the impact of harmonic degree truncation in SHConv. The de-
fault configuration uses degree limits of (80, 40) for the first and second SHConv
layers. Increasing the limits to (120, 80) reduces the MAE from 4.006 to 3.995. As
studied in [2], harmonic degrees above 40 mainly reflect fine-scale geometric irreg-
ularities and segmentation noise rather than biologically meaningful structural
patterns. Consistent with this observation, we adopt the (80, 40) configuration
to balance efficiency and performance.

4.2 Comparison to Baselines

The proposed method achieves the lowest MAE of 4.006 years regardless of
registration and improves performance by 32.6% over the best baseline on reg-
istered data with an MAE of 5.948, as shown in Table 1 and Figure 3. Un-
der random SO(3) rotations, most baselines show clear performance degrada-
tion. Patch-based methods are particularly unstable since random rotations al-
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Table 1. Mean Absolute Error (MAE) on original, random rotation (Rotation), and
registered (Registration) settings. Params: Number of learnable parameters (M).

MAE Loss Params
Method Original Rotation Registration (M)

S2CNN [3] 8.084 ± 0.102 9.112 ± 0.122 8.069 ± 0.279 0.846
SU-Net [29] 7.390 ± 0.375 9.641 ± 0.562 6.141 ± 0.094 3.735
MoNet [26] 6.105 ± 0.098 6.130 ± 0.111 6.078 ± 0.107 0.643
SurfGNN [20] 6.800 ± 0.227 7.776 ± 0.289 6.084 ± 0.216 20.892
SiT [7] 7.887 ± 0.398 8.559 ± 0.417 7.160 ± 0.217 5.613
MS-SiT [8] 6.500 ± 0.242 6.977 ± 0.138 5.948 ± 0.280 27.536
SiM [13] 13.236 ± 3.218 17.491 ± 0.917 7.580 ± 0.449 12.609
Ours 4.006 ± 0.093 4.076 ± 0.161 4.100 ± 0.170 0.856

S2CNN SU-Net MoNet SurfGNN
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Fig. 3. Scatter plots of ground-truth age (x-axis) and predicted age (y-axis) on the
registered dataset. The dashed black line denotes the identity line (y = x) and the
solid red line indicates the fitted regression. MAE and the coefficient of determination
(r²) are reported below each panel.

ter patch assignments and change the local content in each patch. In contrast,
rotation-invariant methods including our method remain stable and maintain
consistent accuracy. Because we construct rotation-invariant descriptors in the
spherical harmonic domain, the model receives identical representations under
arbitrary rotations. With the surface registration, all baselines show improved
performance. As expected, patch-based models [7,8,13] exhibit a large gap since
anatomical patterns become similar across corresponding patch indices. In con-
trast, convolution-based models (MoNet [26] and SurfGNN [20]) are less de-
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pendent on surface registration likely because local neighborhood aggregation
preserves local structural information. Our model inherits this advantage in
the spherical harmonic domain; the proposed spectral descriptors and cross-
degree multiscale modeling effectively capture cortical structure without requir-
ing anatomical alignment.

5 Conclusion

We introduced SPHARM-Mamba as a generic backbone for genus-zero sur-
face analysis. The model replaced patch partitioning with spherical harmonic
descriptors and removed anatomical registration. SHConv produced rotation-
equivariant features that were converted into rotation-invariant tokens ordered
from global to local scales and were robust to arbitrary SO(3) rotations. Mamba
was used to model cross-degree dependencies for efficient multiscale representa-
tion learning. On large-scale age prediction, the proposed method achieved supe-
rior MAE with fewer learnable parameters compared to competing approaches
trained even with surface registration. Future work will extend our approach to
diverse clinical prediction tasks with broad surface types.
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