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Abstract. Deep learning on cortical surfaces faces a dilemma: capturing
the complex topology of over 60 nomenclature-dependent sulci per hemi-
sphere requires high-capacity models, yet the extreme scarcity of expert
annotations (N = 62 subjects) inevitably causes overfitting. Standard su-
pervised approaches fail to generalize on this data-scarce regime, partic-
ularly for variable and small sulci where topological ambiguity is high. To
overcome this limitation, we introduce a Geometric-to-Semantic Spher-
ical Transfer Learning framework. First, we leverage massive unlabeled
data (UK Biobank with ~ 30,000 subjects) to pre-train a spherical en-
coder using a locally-optimized strategy. By relying solely on continuous
surface features (curvature and depth), the relevance of this pre-training
is confirmed by the model’s ability to detect localized and rare topolog-
ical traits, such as sulcal interruptions. The downstream labeling task,
however, introduces extracted sulcal fundi (lines) as an explicit semantic
input. To bridge this dimensional domain gap (from purely geometric to
semantic) without causing catastrophic forgetting, these anatomical lines
are integrated into the pre-trained backbone via a soft-initialized Topo-
logical Prior Injector. Our experiments demonstrate that this approach
outperforms fully supervised baselines trained from scratch, achieving
a mean Dice of 0.77. Crucially, a local analysis reveals that the self-
supervised geometric priors yield the largest performance gains on vari-
able and tertiary sulci (up to 14.8%), confirming that learning the cortex
shape is highly beneficial for identifying its rarest parts. EI
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1 Introduction

The human cerebral cortex is characterized by a complex pattern of convolu-
tions, where sulci serve as essential landmarks for structural and functional brain
mapping. Accurate identification of these folds is crucial for understanding neu-
rodevelopmental trajectories and improving the localization of functional areas.

3 https://github.com /neurospin-projects/2026 _stounsi_slabelin2
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However, cortical sulci exhibit extreme inter-individual variability in terms of
morphology, spatial location, length, and depth.

Historically, sulcal labeling has served two primary objectives: driving inter-
subject brain alignment and enabling detailed morphometric studies. While the
former can tolerate some geometric approximation, the latter demands high
topological precision. The automated recognition of cortical sulci relied on volu-
metric approaches. Pioneering frameworks, such as BrainVISA [I7], used a skele-
ton representation of folds and graph-based models to directly extract the topol-
ogy of cortical folds from voxel space [I]. While these methods established the
foundational principles of sulcal identification, methods working in 3D volumet-
ric space often struggle to capture the intrinsic topology of the cortex.

Consequently, the field has transitioned toward surface-based representations
(triangular meshes), popularized by pipelines like FreeSurfer [7]. Modeling the
cortex as a 2-manifold is now considered essential for accurately characterizing
morphology and aligning anatomy across subjects [I8I5U7]. This shift allows for
the analysis of features, such as curvature and sulcal depth, directly on the native
geometry of the cortex, a prerequisite for precise topographical labeling [§].

The application of Geometric Deep Learning, particularly Spherical CNNs [3]
and Graph Convolutional Networks (GCNs) [I3], has shown promise in parcel-
lating the cortical surface. However, exhaustive sulcal labeling remains an open
challenge due to two critical constraints. First, state-of-the-art spherical U-Nets
and similar surface-based architectures typically restrict their scope to a small
subset of sulci (or only primary ones) [RITTIT4]. For instance, recent work by Hao
et al. [8] focuses on 6 to 13 sulci within specific regions (like the lateral prefrontal
cortex) rather than a dense, whole-brain labeling of 63 structures as in [I]. Sec-
ond, these models are data-hungry: robust performance typically requires mas-
sive cohorts (e.g., N > 1400 in [I4]), making them inapplicable in expert-driven
regimes where the complete annotated data is scarce (N = 62). Furthermore,
the recent paradigm shift toward foundation models [T99/4] in neuroimaging
have demonstrated the power of learning universal representations from massive
datasets, these models currently lack native support for surface-based topologies,
which limits their direct application to highly convoluted cortical surfaces.

To bridge this gap, we propose a Spherical Transfer Learning framework that
enables exhaustive identification of a comprehensive set of surface-consistent
sulci in a severely data-constrained regime (N = 62). Our approach begins with
a locally-optimized self-supervised pre-training on 30,000 subjects of the UK
Biobank [20]. By forcing the network to focus on local surface patterns through
targeted augmentations, it acquires “geometric intuition” sensitive to fine-grained
anatomical nuances, such as sulcal interruptions. To transition this knowledge
to the downstream task, we introduce a soft-initialized Topological Prior Injec-
tor (TPI) that bridges the domain gap between the two-channel geometric pre-
training and the three-channel semantic labeling input. TPI allows the model to
progressively integrate semantic information without suffering from catastrophic
forgetting. This framework is supported by a surface-native pipeline that faith-
fully projects expert volumetric knowledge (as defined in [I] and [I5]) onto the
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Fig.1. Overview of the proposed Spherical Transfer Learning framework. (A)
Volumetric-to-Surface data preparation pipeline extracting 1D sulcal lines and pro-
jecting labels via Geodesic Voronoi. (B) Hybrid Spherical U-Net architecture. TPI
projects the 3-channel input (C, S, L) into the pre-trained 2-channel encoder.

spherical mesh, providing a unified workflow for the characterization of a com-
prehensive set of anatomically consistent sulci.

2 Proposed Methodology

2.1 Data Preparation and Surface-Based Pipeline

Dataset and Fundi Extraction: The dataset used in this study comprises the
right hemispheres of 62 subjects with expertly annotated cortical sulci, publicly
available at |https://brainvisa.info/data/sulci database/base 62/2019 /. We de-
veloped a strictly surface-native pipeline extracting sulcal lines from white mat-
ter meshes via TRACE [12]. Parameters were rigorously calibrated to exclusively
isolate deep sulcal fundi, rejecting superficial dimples and wall ascensions.
Volumetric-to-Surface Label Projection: The ground-truth volumetric
labels are subsequently mapped onto these 1D surface lines via a projection
process based on geodesic Voronoi diagrams using a Fast Marching algorithm.
To prevent aberrant semantic overlaps, such as a label improperly crossing a
gyrus, this propagation is strictly constrained by the white matter mask and
bounded by a maximum empirical geodesic distance threshold of 3.5 mm.
Spherical Input and Topological Regularization: To provide a stan-
dardized input structure for the neural network, the native meshes from FreeSurfer
[7] are parameterized onto a unit sphere and resampled onto a regular icosahe-
dron of order 6 (= 42,000 vertices). We use the unaligned spherical parameteri-
zation to preserve local intrinsic folds, deliberately avoiding standard non-linear
registration that could distort sulcal geometry. This choice increases the labeling
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difficulty, yet it is essential because folding patterns are not all compatible for a
diffeomorphism-based alignment.

To prevent the emergence of artificial gaps within the sulcal fundi or the loss
of local structural information after interpolation, we implemented a conserva-
tive projection strategy akin to graph-based spatial max-pooling: each target
icosahedral vertex aggregates the native labels within its receptive field and
retains the non-zero majority value. This transfer is immediately followed by
graph-based mathematical morphology operations (specifically, a spatial closing
via majority voting coupled with local erosion) applied iteratively in both the
native and icosahedral spaces. The anatomical viability was validated through
expert quality control on the selected 50 surface-consistent sulci.

2.2 Locally-Optimized Spherical Pre-training (SSL)

We employ a VGG-style spherical convolutional encoder to align with standard
state-of-the-art U-Net architectures [23] used for cortical surface segmentation,
the primary focus of this work being the adaptations made to maximize repre-
sentation transferability. The network cascades spherical convolution blocks with
local pooling operations. Unlike standard SSL frameworks that rely on Global
Average Pooling (GAP) to foster spatial invariance, we directly flatten the final
convolutional output into a high-dimensional vector. Because GAP suboptimally
suppresses localization essential for labeling, omitting it ensures a more exhaus-
tive spatial representation . The encoder is pre-trained on 30000 subjects of UK
Biobank using the Barlow Twins self-supervised objective|22]. We generate aug-
mented views using random spherical rotations with two structural occlusion
strategies: random vertex dropout and contiguous patch masking. Although a
demographic gap exists between the pre-training cohort (4069 years) and the
downstream dataset (predominantly 20-35 years), sulcal topology remains highly
stable throughout adulthood, allowing the geometric priors to transfer effectively.

To verify that this globally trained latent space successfully encodes localized
geometrical variations, we selected models by evaluating the frozen representa-
tions via linear probing on standard tasks (age regression, sex classification) and
two topological ones:

— Central Sulcus (CS) Interruption: A rare, highly localized anatomical anomaly
(< 1%). We evaluated the model on 207 interrupted cases with 207 control
cases identified using ChampollionV0 [10] classifier and verified by experts.

— Paracingulate Sulcus (PCS) Presence: A more balanced trait located in the
anterior cingulate cortex [2I2I]. Labels were generated following the proce-
dure in [6]. To ensure label quality, we strictly filtered the dataset, retaining
only high-confidence predictions ( > 0.8 for presence, < 0.2 for absence).

2.3 Downstream Architecture: Transfer to the Hybrid U-Net

The identification task requires a 3-channel input as shown in Fig. 1 (curvature
C, sulcal depth S, and extracted sulcal lines L as topological priors), which cre-
ates a dimensional mismatch with the 2-channel pre-trained SSL encoder (which
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only uses C' and S to avoid the trivial solutions that explicit sulcal lines would
provide in the topological tasks ). Naively expanding the first convolutional layer
would corrupt the pre-learned filters and cause catastrophic forgetting.

To bridge this gap, we insert a Topological Prior Injector (TPI) directly
before the encoder, implemented as a 1 x 1 convolution. Let X € RY*3 be the
input matrix for V vertices. It projects X into the 2-channel space Y € RV *?
expected by the backbone:

10
Y=XW+b and W= 101

€1 €2

where W € R3*2 and b € R2.

To protect the pre-trained weights from abrupt distribution shifts, the novelty
lies in the soft initialization of W with €1, 5 < 1. Initially, the network processes
the exact geometric distribution it learned during pre-training (Y7 ~ C, Y3 =
S). As fine-tuning progresses, the TPI smoothly integrates the semantic lines
without abruptly shifting the input distribution.

We construct the Hybrid U-Net by grafting a randomly initialized, symmetric
spherical decoder onto the pre-trained backbone. To handle small batch sizes,
we used Group Normalization throughout the network. During fine-tuning, we
apply differential learning rates: a low learning rate for the encoder to preserve its
learned geometric manifold, and a standard rate for the TPI and decoder. Finally,
spatial skip connections are added : they directly route the finely resolved local
geometric features captured by the early SSL layers to the decoder, enforcing
precise, dense labeling boundaries.

3 Experimental Setup and Evaluation Strategy

3.1 Baselines and Comparative Models

Dataset and Fvaluation Strategy: We evaluate our framework on a cohort of
62 subjects with surface-native sulcal labels (as detailed in 2.1). To prevent data
leakage and ensure an unbiased evaluation, we implemented a dataset partition:
— Development Set (N = 40): Utilized for hyperparameter optimization
via 4-fold CV.
— Held-out Test Set (N = 22): Isolated for final statistical testing.

Baseline Configurations To isolate the specific contributions of our locally-
optimized spherical SSL framework, we compare our approach against both
spherical and planar baselines. Notably, no large-scale foundation models cur-
rently support native spherical topology. We utilize a gnomonic cubemap projec-
tion, mapping the sphere onto six cube faces to mitigate the polar singularities
inherent to equirectangular projections. In addition to the 3D U-Net volumetric
baseline from Borne et al. [I] (the core framework underlying BrainVISA auto-
matic labeling) evaluated on this exact dataset, we define three surface-based
baselines to isolate our approach’s specific contributions:
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1. Spherical U-Net "From Scratch": We trained the Spherical U-Net architec-
ture. This quantifies the benefit of the pre-learned geometric priors .

2. 2D U-Net (ResNet-18): U-Net architecture with a ResNet-18 backbone.

3. 2D Vision Foundation Models : to adapt DINOv3 [19] for dense sulcal label-
ing, we employed two decoding strategies. First, we utilize a linear probing
approach with unfreezing the final two Transformer blocks. A 1 x 1 convo-
lution maps geometric inputs to RGB space. As a second strategy, to better
capture fine-grained topology, we draw inspiration from the Dense Prediction
Transformer (DPT) architecture[16]. Feature representations are extracted
from layers 3, 6, 9, and 12 of the backbone network and subsequently fused
using a decoder. Implementation details can be found in our code repository.

3.2 Implementation Details and Hyperparameter Optimization

During the SSL phase, models were optimized with a batch size € [128,1024], a
learning rate € [1075,1073], and A € [0.05,20]. The structural augmentations (
Sec. 2.2) were bounded as follows: Gaussian spherical rotations (o € [2°,80°]),
patch masking (500 to 15,000 vertices), and vertex dropout (0% to 60%).

Hyperparameters were calibrated via Random Search across a 4-fold cross-
validation strictly confined to the development set.

For downstream fine-tuning, the TPI and decoder learning rates were sam-
pled € [107¢,1073] (with the pre-trained encoder’s learning rate strictly be-
ing the one-tenth of this value € [1077,107%] (Sec. 2.3)). Weight decay was
bounded € [0,107%]. The compound objective balanced a class-weighted Cross-
Entropy and a Dice loss (Dice weight € [0, 3]). Spatial augmentations, applied
with probability p € [0.3,1.0], included feature noise (o € [0,0.4]) and rotations
(o € [5°,90°]). Empirically, 2D projected baselines performed better without ro-
tational augmentations; so, rotations were set to zero for these specific models.
Raw predictions are refined via a mesh-adjacency graph, where isolated con-
nected components smaller than a threshold (V,,,;, = 10) are reassigned to the
mode of their robust topological neighbors.

4 Results

Evaluation metrics: We compute the Error of Sulcal Identification (ESI), de-
fined as a weighted sum of labeling errors across all sulci L: ESI = 37, w; *
%. ESI is intrinsically weighted by sulcal length (wl). Because
length definition varies between 3D folds and 2D lines, direct ESI comparisons
are irrelevant between them. Furthermore, anatomical analysis is conducted us-
ing the localized error rate Ejoeqi(l) = %. It reaches 1 when a sulcus
is completely hallucinated or missed (frequently for highly variable, minor sulci).

Global Performance and Data Efficiency: As shown in Fig. 2A, our
Spherical Transfer framework achieves the highest mean Dice (0.77 £ 0.03) on
the held-out test set when trained on the maximum available split (N = 30). Our

approach visibly reduces performance variance and raises the minimum accuracy
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Fig. 2. Quantitative evaluation of the Spherical Transfer Learning framework.

bound, demonstrating enhanced robustness to inter-subject variability. Planar
projection strategies, including the vision foundation model DINOv3 (Dense:
0.70 £ 0.05), perform similarly to a standard 2D ResNet-18 (0.69 £ 0.05). DI-
NOv3’s inability to significantly surpass from-scratch baselines is not intended
as a claim of absolute superiority, but rather illustrates the structural domain
gap between natural RGB images and distorted cortical topologies: even a pow-
erful foundation model fine-tuned via state-of-the-art cubemap projection fails
to match a surface-native approach.

The practical value of the geometric SSL priors is most prominent in ex-
treme low-data configurations (Fig. 2B). All training configurations (from 5 to
30 subjects) are strictly evaluated on the same fixed test set (N=22).

When the annotated cohort is reduced to merely 5 subjects, the from-scratch
spherical baseline exhibits severe topological degradation, with its ESI deterio-
rating to 0.32 £ 0.06. In contrast, our transferred model maintains stable iden-
tification score (ESI: 0.24 4 0.045) (Wilcoxon signed-rank test, p<0.01).

Ablation Study: Disentangling Pre-training Strategies: Table 1 iso-
lates the specific contributions of our pre-training and transfer mechanisms. The
most critical observation lies in the performance of the frozen locally-optimized
encoder. Without updating any backbone weights during the downstream task,
it achieves a mean Dice of 0.71 £ 0.04, performing on par with the fully trained
from-scratch baseline (0.72 £ 0.05, p>0.05). This confirms that the localized
SSL pretext task successfully disentangles fine-grained cortical geometry, encod-
ing intrinsic topological boundaries without any semantic supervision.
Conversely, a frozen backbone pre-trained on macroscopic targets (Age/Sex) de-
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Table 1. Ablation study evaluating the impact of pre-training objectives and transfer
initialization on downstream labeling performance.

Pre-training Strategy Encoder Status| Dice (1) | ESI ({)
None ("From Scratch") Unfrozen 0.72+0.05|0.21 +0.03
Global Supervised (Age/Sex) Frozen 0.58 +0.07]0.32 £ 0.05
Global Supervised (Age/Sex) Unfrozen 0.70 +0.05 | 0.22 4+ 0.04
Locally-Optimized SSL Frozen 0.71 +0.04 { 0.20 = 0.04
Locally-Optimized SSL (Random Init) Unfrozen 0.74+0.03 | 0.17 + 0.03
Locally-Optimized SSL Unfrozen 0.77 +£0.03(0.15 £+ 0.02

grades severely (0.58+0.07), proving that global optimization discards the high-
frequency structural gradients essential for dense segmentation. While the frozen
local encoder provides a robust geometric foundation, reaching peak performance
(Dice: 0.77 £0.03, ESI: 0.15 4 0.02) requires unfreezing the backbone (with dif-
ferential learning rates) and adding our soft-initialized TPI. This full transfer
framework significantly outperforms the from-scratch baseline (p < 0.01).

Fig. 3. Surface map of local error variation (AFEjocq) against the from-scratch model.

Local Error Analysis: Resolving Topological Ambiguity: Figure 3
maps the local error variation (AEj,.q) across the sulci, where negative values
denote an error reduction relative to the from-scratch baseline. While our trans-
fer framework improves the delineation of certain large, prominent folds (e.g.,
Occipital Lobe : —12%, Superior Frontal Sulcus: —6.5%), the largest error reduc-
tions are concentrated on some small, highly variable structures. For instance,
the Superior Postcentral (—14.82%), Rhinal (—13.94%), and Superior Precentral
(—12.23%) sulci exhibit significant performance leaps (p<0.05). By encoding in-
trinsic curvature and depth variations during pre-training, the network acquires
the necessary topological constraints to accurately identify ambiguous folds that
are otherwise systematically smoothed over or missed in data-scarce regimes.

5

Conclusion

In this work, we introduced a Spherical Transfer Learning framework to address
the challenge of exhaustive cortical sulci identification in data-scarce regimes.
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Our results demonstrate that decoupling geometric representation learning from
semantic fine-tuning (achieved via a locally-optimized SSL prior and a soft-
initialized TPI) effectively mitigates the statistical regularity bias inherent to
standard supervised models. Notably, this geometric disentanglement yields the
most significant identification error reductions on highly variable, tertiary sulci.
Rather than relying on architectural complexity, this study demonstrates
the fundamental necessity of localized geometric priors for surface-native neu-
roanatomy. Future work will focus on scaling these localized pretext tasks to
higher-capacity paradigms to further advance dense cortical mapping.
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