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Abstract. Accurate diagnosis of neurodegenerative disorders using func-
tional magnetic resonance imaging (fMRI) remains challenging due to
the intricate functional connectivity patterns and inherent imaging noise.
Conventional Graph Neural Networks (GNNs) typically project the brain
into a shared global space, overlooking that different brain regions re-
side on heterogeneous functional manifolds. While existing attention or
heterogeneous graph methods merely adjust edge weights, they fail to
capture the complex geometric misalignment among regional manifolds.
To address this limitation, we propose Vector Bundle Graph Contrastive
Learning (VB-GCL), a novel dual-stream framework grounded in vector
bundle theory for brain disease classification. Unlike standard GNNs, vec-
tor bundles provide a natural framework for coordinating locally distinct
geometries. VB-GCL lifts the brain connectivity graph to a vector bun-
dle, where each region of interest (ROI) is associated with a learnable
orthogonal subspace, enabling the model to explicitly capture region-
specific functional geometry. Based on this structure, we introduce a Bun-
dle Laplacian that jointly encodes topological connectivity and local ge-
ometric orientation. Our framework performs multi-hop geometric diffu-
sion on the bundle manifold for structural feature aggregation and classi-
fication, while simultaneously employing Bundle-Laplacian-driven spec-
tral perturbations to generate contrastive views that encourage noise-
robust representations. Extensive experiments on the ADNI and an in-
house clinical dataset demonstrate that VB-GCL achieves state-of-the-
art performance across multiple diagnostic tasks. Ablation studies and
interpretability analysis further confirm the effectiveness of each compo-
nent and reveal clinically meaningful pathological biomarkers, providing
a promising tool for precision brain disease diagnosis.

Keywords: Brain Disease Diagnosis - fMRI Analysis - Graph Neural
Network - Vector Bundle Theory
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1 Introduction

With the accelerating aging of the global population, the accurate diagnosis
of dementia, primarily Alzheimer’s disease (AD) and vascular diseases repre-
sented by Moyamoya disease (MMD), has emerged as a critical clinical impera-
tive [4,28,6]. Functional Magnetic Resonance Imaging (fMRI), with its capability
to map dynamic blood-oxygen-level-dependent (BOLD) signals, serves as a piv-
otal tool for unraveling the functional connectome underlying cognitive decline
[3,18]. In recent years, Graph Neural Networks (GNNs) have emerged as a pow-
erful framework for fMRI analysis. By conceptualizing brain regions as nodes
and functional associations as edges, GNNs have achieved state-of-the-art per-
formance in disease classification tasks [24,7].

Despite their promising performance, most existing GNNs share a critical ge-
ometric limitation: they implicitly project the complex brain connectome into a
single shared Euclidean feature space [2,11]. This homogeneous assumption over-
looks the heterogeneity of brain regions, which may reside on distinct functional
manifolds with region-specific local geometric properties [1,23]. Such heterogene-
ity implies that features from different region of interests (ROIs) are not neces-
sarily expressed in a globally consistent coordinate system, leading to geometric
misalignment during message passing. This type of coordinate misalignment is
closely related to the connection Laplacian and its learnable counterparts in re-
cent sheaf and bundle neural networks, which model message passing through
transformations between ROI-specific local feature spaces. However, conven-
tional GNNs lack such geometric alignment mechanisms and instead aggregate
regional features directly in a shared Euclidean space. Forcing heterogeneous
local manifolds to collapse into this shared space can induce representational
distortion and feature entanglement. As a result, the learned representations be-
come more vulnerable to the inherent noise of fMRI networks. To mitigate this
vulnerability and extract noise-invariant features, Graph Contrastive Learning
(GCL) is widely adopted [27,25]. However, conventional GCL strategies (e.g.,
random edge or node dropping) paradoxically violate the geometric nature of
the brain from another dimension [29]. Since different brain regions possess inde-
pendent local coordinate systems, their information exchange relies on the intact
network topology to achieve smooth geometric alignment. Violent random edge
dropping blindly severs the geometric coherence between adjacent local spaces,
causing the generated contrastive views to deviate from the underlying mani-
fold structure. Such geometrically blind augmentations fail to provide meaningful
noise regularization; instead, they destroy the discriminative manifold invariants
essential for generalization in small-sample clinical scenarios [26].

To address these limitations, we propose a novel Vector Bundle Graph Con-
trastive Learning (VB-GCL), a novel dual-stream framework grounded in vector
bundle theory. Departing from the homogeneous assumption of a single shared
global space, VB-GCL elevates the brain connectivity graph to a vector bun-
dle manifold. By assigning a learnable independent orthogonal subspace to each
ROI, this bundle structure explicitly captures local geometric heterogeneity and
prevents representational distortion caused by forced dimensionality reduction.
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To enable information exchange across these independent local coordinate sys-
tems, we employ the Bundle Laplacian for geometric feature alignment between
adjacent ROIs. Furthermore, within the dual-stream contrastive network, to pre-
vent heuristic data augmentations from corrupting the manifold topology, we
design a spectral perturbation module based on the heat kernel. By modulat-
ing the diffusion time scales, this module yields contrastive views by smoothing
features along the Bundle Laplacian at different scales, so that augmentations re-
main on the connectivity topology rather than randomly perturbing it. Through
this unified architecture, Laplacian smoothing effectively filters out the intrinsic
noise of fMRI signals, while preserving the structural invariants crucial for the
generalization capability of brain networks.

The main contributions of this work are summarized as follows:

1. We lift the brain connectome to a vector bundle manifold via learnable
orthogonal subspaces and the Bundle Laplacian, assigning each ROI an indepen-
dent local geometry beyond the shared-space assumption of traditional GNNs.

2. We propose a dual-stream framework coupling bundle geometric diffu-
sion with contrastive learning. Replacing heuristic edge dropping with Bun-
dle Laplacian-driven spectral perturbations, we generate topologically coherent
views that enhance robustness against fMRI noise.

3. Evaluations on Alzheimer’s Disease Neuroimaging Initiative (ADNI) and
an in-house dataset demonstrate that VB-GCL outperforms advanced methods.
Furthermore, interpretability analysis localizes disease-specific ROIs that are
statistically separable between groups.

2 Method

In this section, we detail the architecture of the proposed VB-GCL algorithm. As
illustrated in Fig. 1, VB-GCL integrates three core modules alongside a down-
stream classification path: (1) Data Input & Preprocessing, which extracts
ROI-wise time series to construct the initial brain connectivity graph; (2) The
Bundle Transformation, which lifts the original graph space onto a bun-
dle subspace by assigning local orthogonal coordinate systems; and (3) Dual-
Stream Contrastive Network, which employs a heat kernel-based spectral
perturbation module to generate weakly and strongly smoothed representations
for robust contrastive learning. Ultimately, the representations are fed into the
classification path for the final clinical prediction.

2.1 Vector Bundle and Bundle Laplacian Construction

Let G = (V,&,X) be the fMRI-derived brain network with N = |V| nodes, and
let L denote its original graph Laplacian matrix. We associate each node ¢ € V
with a local orthogonal subspace F; € R? where d is the bundle dimension.
We define a global orthogonal transport operator O = diag(Oq, ..., Oy), where
O; is a learnable orthogonal matrix constrained by stabilized QR decomposition
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Fig. 1. Overall architecture of the proposed VB-GCL. The model constructs a vector
bundle subspace to encode local brain network geometry. A shared GNN encoder is
optimized jointly by a primary bundle diffusion classification path and an auxiliary
spectral contrastive module, which leverages heat kernel perturbations to enforce multi-
scale representation learning.

to align adjacent coordinate systems. To jointly encode topological connectivity
and subspace geometry, we formulate the Bundle Laplacian Lg:

L =0 (L®1,)0, (1)

where ® denotes the Kronecker product and I, is the identity matrix. For nu-
merical stability, we apply symmetric normalization Ly = D™'/2LgD~1/2, with
the degree matrix D;; = 3, [(Lg)y;|, where j indexes the adjacent nodes of .

2.2 Geometry-Aware Bundle Diffusion

To capture the manifold geometry encoded in L3, the bundle diffusion layer em-
ploys a K-order polynomial filter to simulate physical geometric diffusion across
multi-hop neighborhoods. The updated features Hg) at layer [ are computed as:
K A
Hyy = o | LN [ Y (LEH )W+ Hy ™ ) ), (2)
k=0

where W, denotes layer-specific learnable projection weights, LN(-) is Layer
Normalization, and o is the LeakyReLU activation. A residual connection is
added to mitigate over-smoothing during deep message passing.

2.3 Dual-Stream Spectral View Generation and Contrastive
Learning

To regularize representations against fMRI noise and individual variability, we
propose a spectral contrastive augmentation strategy based on heat diffusion.
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Avoiding computationally prohibitive matrix exponentials, we approximate the
heat kernel via a first-order linear expansion. Specifically, the heat kernel e~TeLs
admits the first-order Taylor expansion e mils A T 7 Lg for small diffusion
time 7, which yields the closed-form spectral view in Eq. (3). Two topology-
preserving spectral views are generated using two different diffusion time scales,
denoted by 7 and 7o, respectively:

X~ (1 . TtILB) Xp,t € {1,2}. (3)

spec

Here Xp = H(Bl) denotes the bundle features from the diffusion path in Eq. (2),

and Xg;)ec are the two spectral views.

To prevent overfitting, we apply a random feature masking strategy to both
generated views. These two spectral views are then processed by a shared back-
bone and a projection head to yield Li-normalized embeddings z,, in a con-
trastive latent space. For a mini-batch of B graphs, let I = {1,...,2B} denote
the indices of the concatenated augmented batch. For an anchor m € I, we define
A(m) = I\{m} as the set of all other indices, and P(m) = {p € A(m) : yp = Ym }
as the subset of positive samples sharing the same class label y,,. To explicitly
maximize margin separability and noise robustness, we optimize the network
using a supervised contrastive loss:

— ex ZTZ
ﬁcon _ Z 1 Z 10g E p( m P/’Y) (4)

T )
mel |P(m)| peEP(m) ac€A(m) eXp(ZmZa/’}/)

where v is a temperature scaling parameter.

3 Experiments and Results

Datasets. We utilized fMRI data from the public ADNI database, including 238
normal controls (NCs) and 213 patients, and an in-house cohort (98 NCs, 120
MMD patients). Both datasets provide demographics and scanner metadata. The
in-house dataset was approved by the local Institutional Review Board (IRB),
with all patient records fully anonymized. fMRI preprocessing via DPABI [21]
included discarding the first ten volumes for magnetic equilibration, head mo-
tion correction, spatial normalization, and Gaussian smoothing. Finally, regional
mean BOLD signals were extracted using the AAL9O atlas.

Implementation Details. Our method was implemented in PyTorch and
trained on 8 NVIDIA V100 GPUs. All experiments were conducted using a stan-
dard 10-fold cross-validation strategy. We configured the model with a learning
rate of 0.001 and a batch size of B = 32. Regarding the classification module, we
employed a Multi-Layer Perceptron (MLP) with a 32-dimensional hidden layer.
To stabilize training and mitigate overfitting, this classifier incorporates batch
normalization, a LeakyReLU activation function, and a dropout layer with a rate
of 0.7 before projecting to the final number of classes. To instantiate the joint
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objective mentioned earlier, the total loss is formulated as Liota; = Log + Leon,
where Lo is the standard cross-entropy loss for the primary diagnostic task.
The network is optimized using the Adam optimizer. Our code is publicly avail-
able at https://github.com/CodeMedYY /VB-GCL.

Table 1. Classification performance denoted by mean and standard deviation of the
proposed method and all comparison methods on the ADNI and in-house dataset (%).

ADNI In-house
Method
Acc. Sen. Spe. AUC Acc. Sen. Spe. AUC
BNT 76.052.63 74.973.10 76.943.45 76.252.72 70.654.13 71.674.08 69.45754 69.742.32

FNETGen 75.384.20 T4.543.68 76.135.78 74.937.44 69.704.314 68.335.00 71.337.77 68.603.53
BrainGNN 74.943_49 72.994_13 76.604.41 73.955.70 69.724.18 70.844.16 68.337.03 68.562.81

LSGNN 75.614.64 75.11404 76.107.58 75.265.98 71.564.47 73.333.33 69.457.54 69.99; 86
Com-BrainTF 75.393.62 74.513.77 76.156.60 75.505.22 70.204.60 71.675.53 68.456.69 68.912.93
A-GCL 77.383.45 75.493.97 79.136.82 78.013.21 72.47544 T4.17449 70.45818 71.574.21
Ours 79.829.92 78.42462 81.146.96 80.913.93 74.784.61 75.005.27 74.45523 74.865.53

Classification performance. To comprehensively evaluate our approach, we
benchmarked it against eight representative methods: classical graph networks
(GIN [20]), brain-specific deep learning models (BrainGNN [13], LSGNN [5],
FNETGen [10]), transformer-based architectures (BNT [11], Com-BrainTF [1]),
and recent state-of-the-art graph contrastive learning frameworks (A-GCL[27],
SPAN [14]). Table 1 summarizes the classification performance. As observed,
our proposed VB-GCL consistently outperforms all competing methods across
all four evaluation metrics on both datasets. Notably, compared to the second-
best method (A-GCL), our model achieves an absolute improvement of 2.44%
in accuracy and 2.90% in AUC on the ADNI dataset, with similar margins
observed on the in-house dataset. This consistent superiority demonstrates the
effectiveness of lifting the homogeneous graph to a vector bundle to capture
heterogeneous local geometric properties. Furthermore, it validates the strong
generalization capability of our dual-stream framework across diverse clinical
fMRI datasets.

Ablation studies. To investigate the individual contributions of the key com-
ponents in our framework, we conducted extensive ablation studies, as shown in
Table 2. The base model, which uses a standard GNN backbone without geo-
metric enhancements, yields the poorest performance. When the vector bundle
formulation is removed (“w/o Bundle”, degrading to a standard homogeneous
graph), the accuracy decreases by 3.10% on ADNI. This heavily substantiates
the necessity of modeling region-specific functional geometry. Similarly, the re-
moval of spectral contrastive learning (“w/o SCL”) leads to a clear performance
degradation, highlighting its critical role in providing noise regularization and
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mitigating overfitting in small-sample regimes. Finally, removing the geometric
diffusion (“w/o Diff”) or attention pooling (“w/o Attn”) also impairs performance.
Together, these results confirm that all proposed modules are highly complemen-
tary, and their optimal synergy yields the best diagnostic outcome.

Table 2. Ablation study results of the proposed VB-GCL on two fMRI datasets (%).

Method ADNI In-house
Acc. Sen. Spe. AUC Acc. Sen. Spe. AUC
Base 73.163.26 72.633.66 73.594.07 72.744.85 68.343.208 66.673.73 70.337.22 67.773.59

W/O Bundle 76.723,90 76.025,02 77.876‘03 77.375,07 71.605,13 72.505,53 69.336.46 70.722,94
w/o Diff 78.273.55 76.976.54 79.485.91 78.944.38 72.065.40 73.335.00 70.458.18 72.295.70
w/o Attn  79.382.79 78.874.25 79.896.02 79.774.58 74.334.57 75.834.49 72.457.82 73.045.34
W/O SCL 78.493.14 77.944.16 79.046.39 78.904.00 73.424.34 75.003.73 71.458 66 73.125.72
Ours 79.822.92 78.424. 62 81.146.96 80.913.93 74.784.61 75.005.27 74.455.23 74.865.53

Hyperparameter sensitivity. We investigate the influence of the bundle di-
mension and node embedding size on model performance, as shown in Fig. 2(a)
and (b). The diagnostic accuracy on the ADNI dataset remains remarkably ro-
bust across varying dimensions. Conversely, for the smaller in-house dataset,
performance peaks at moderate values (e.g., an embedding dimension of 64) and
exhibits slight degradation at higher dimensions. This trend suggests that ex-
cessive parameterization may induce overfitting on limited clinical cohorts, and
selecting a moderate dimensionality strikes an optimal balance between expres-
sive capacity and generalizability.

—=s— ADNI —+— IN-HOUSE —a— ADNI —e— IN-HOUSE %0 B GONL_]GAT
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Fig. 2. Hyperparameter sensitivity and backbone analysis. (a) and (b) illustrate the

impact of varying bundle and node embedding dimensions on classification accuracy,

respectively. Shaded areas represent standard deviation. (¢) Performance comparison

of the proposed framework using different standard GNN backbones.
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Backbone encoders. To evaluate the adaptability of our framework, we com-
pare different mainstream GNNs (GCN [12], GAT [16], GIN, and GraphSAGE
[9]) as the backbone encoder, as illustrated in Fig. 2(c). While GIN peaks on
ADNI via strong topological expressivity, it degrades on the In-house dataset
due to potential overfitting. Conversely, GCN yields the most robust generaliza-
tion across both datasets. This stability arises because GCN’s isotropic smooth-
ing naturally aligns with our bundle geometric diffusion, effectively regularizing
topology-aware representations without over-complicating message passing.

-

® INS R ® PoCGR @ MIGR @ FFG L TPOsup_R ® CcAUL ® SMGL @PUTL e rLL IFGop L
® THA L TPOmid R @ OLF L ® PHG R © AMYG L ® SPL R HESR @ AMYG R @ CAUR © MTGR

=T LT 8 =3

Fig. 3. Discriminative ROIs and node activity analysis. (a, b) Top 10 most discrimi-
native ROIs identified by VB-GCL on the ADNI and in-house datasets, respectively.
(c, d) Node activity comparisons of the corresponding ROIs between the with-CI and
w/0-CI groups, where p-values further verify the rationality of the ROI selection.

Interpretability analysis. Node importance was assessed using global saliency
maps, generated by averaging the gradients of the output logits with respect to
the adjacency matrices across all subjects [2,22]. The top 10 most critical regions,
ranked by these importance scores, were subsequently visualized using BrainNet
Viewer [19]. To further validate the rationality of these selected ROIs, we per-
formed node activity analysis between the with-cognitive impairment (with-CI)
and without-cognitive impairment (w/o-CI) groups. This analysis demonstrated
significant differences (Fig. 3¢, d). For ADNI (Fig. 3a, c), the top discrimina-
tive ROIs localize in the limbic and temporal regions (e.g., parahippocampal
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gyrus, p = 0.038; amygdala, p = 0.029), perfectly aligning with established AD
neurodegeneration patterns [15,17]. Conversely, for MMD (Fig. 3b, d), critical
ROIs shift to the basal ganglia (caudate, p = 0.003) and frontoparietal networks,
accurately reflecting chronic hypoperfusion territories driving vascular cognitive
impairment [8]. All identified ROIs show significant CI vs. w/o CI separability
(p < 0.05), confirming that VB-GCL transcends black-box predictions to provide
transparent, clinically actionable neuropathological insights.

4 Conclusion

This paper presents VB-GCL, a novel dual-stream framework grounded in vector
bundle theory, to address the limitations of conventional GNNs in modeling com-
plex geometric misalignments across heterogeneous functional brain manifolds.
By lifting the fMRI connectivity graph into a vector bundle, VB-GCL associates
each ROI with a learnable orthogonal subspace, effectively aligning locally dis-
tinct geometries. Furthermore, the proposed Bundle Laplacian elegantly couples
multi-hop geometric diffusion for structural feature aggregation with spectral
contrastive perturbations for robust noise regularization. Extensive evaluations
on the ADNI and an in-house dataset demonstrate that VB-GCL achieves state-
of-the-art diagnostic performance while identifying clinically meaningful patho-
logical biomarkers. Future work will explore extending this framework to multi-
modal neuroimaging analysis.
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