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Abstract

State-space models (SSMs) have become a cornerstone for unraveling brain dynam-
ics, capturing how latent neural states evolve over time and give rise to observed
signals. By combining deep learning’s flexibility with SSMs’ principled dynamical
structure, recent studies have achieved powerful fits to functional neuroimaging
data. However, most approaches still view the brain as a set of loosely connected
regions or impose oversimplified network priors, falling short of a truly holistic,
self-organized dynamical system perspective. Brain functional connectivity (FC)
at each time point naturally forms a symmetric positive definite (SPD) matrix,
which lives on a curved Riemannian manifold rather than in Euclidean space.
Capturing the trajectories of these SPD matrices is key to understanding how co-
ordinated networks support cognition and behavior. To this end, we introduce
GeoDynamics, a geometric state space neural network that tracks latent brain state
trajectories directly on the high-dimensional SPD manifold. GeoDynamics embeds
each connectivity matrix into a manifold-aware recurrent framework, learning
smooth, geometry-respecting transitions that reveal task-driven state changes and
early markers of Alzheimer’s, Parkinson’s, and autism. Beyond neuroscience, we
validate GeoDynamics on human action recognition benchmarks (UTKinect, Flo-
rence, HDM05), demonstrating its scalability and robustness in modeling complex
spatiotemporal dynamics across diverse domains.

1 Introduction

The human brain is a complex, dynamic system with distinct structural regions specialized for
specific functions, which are locally segregated yet interconnected to process diverse information
[36]. Over recent decades, understanding the brain’s functional mechanisms has been a central
focus in neuroscience. Functional magnetic resonance imaging (fMRI), a widely used non-invasive
technique, measures blood oxygen level-dependent (BOLD) signals over time, which are linked
to neural activity. While initial research emphasized BOLD signals, the focus has shifted toward
functional connectivity (FC), which captures co-activations across brain regions [3]. Studies using
Pearson’s correlation to quantify FC have shown that functional brain networks are not static but
exhibit dynamic topology changes, even in task-free states [4]. These dynamic changes have been
associated with brain disorders, offering insights into underlying neurobiological processes [8].

Efforts to model brain dynamics have focused on two main approaches: (1) analyzing temporal
fluctuations in BOLD signals and (2) capturing topology changes in evolving FC matrices. While
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BOLD signals track neural activity, they often struggle with noise and intrinsic �uctuations. Neural
mass models, for instance, describe brain dynamics using non-linear equations but often ignore spatial
dependencies [63]. FC matrices, on the other hand, reveal network-level interactions and, when
extended to dynamic FC (dFC), track connectivity evolution over time using methods like sliding
windows [42]. Recent advances, such as a geometric-attention neural network proposed in [15],
relate FC topology changes to brain activity. However, sliding window techniques remain sensitive to
window size, which can hinder the detection of subtle brain state changes.

The widespread success of recurrent neural networks (RNNs, Fig. 1 (a)) [59], including long short-
term memory (LSTM) [31] and gated recurrent units (GRU) [14], in sequential modeling tasks such
as natural language processing (NLP), has inspired numerous efforts to apply these architectures for
characterizing brain dynamics [47; 48]. Recently, state space models (SSMs) (as shown in Fig.1 (b,
black solid box)) [27; 26] have emerged as a powerful tool for capturing a system's behavior using
hidden variables, or “states", marked asst (i.e.,s(t)), which effectively model temporal dependencies
in sequential data with well-established theoretical properties. These models have gained signi�cant
attraction in �elds like computer vision (CV) and natural language processing (NLP) due to their
ability to represent complex temporal patterns. A more inclusive literature survey can be found in the
Appendix A.1.

Figure 1: The architecture of RNNs (a) typically relies on
a multi-layer perceptron (MLP) to project the system state
space into the output space, where various downstream
tasks are then performed. These models operate entirely
within Euclidean space. In contrast, vanilla SSMs (b, black
solid box) incorporate two ordinary differential equations
(ODEs), the state equation (upper) and observation equa-
tion (lower), which can directly perform downstream tasks
through the inferred observed output, also withinEuclidean
space, focusing primarily on temporal information. Our
geometric deep model of SSM (b, purple dashed box) ex-
tends this approach by capturing both temporal and spatial
information, operating on amanifold space.

Relevant work of SSM on brain func-
tional studies. While SSMs have
achieved success in CV and NLP ap-
plications, their use in brain functional
studies has primarily focused on event-
related fMRI data [22; 35], limiting their
applicability to resting-state fMRI (rs-
fMRI). To address this, [64] combined
an auto-encoder for learning BOLD sig-
nal relationships with a hidden Markov
model (HMM) for state transitions, but
the separate training of these compo-
nents reduced ef�ciency and neglected
brain network spatial structures. Sim-
ilarly, [66] proposed a linear SSM us-
ing variational Bayesian methods to in-
fer effective connectivities from EEG
and fMRI data. However, this approach
struggles to capture the complex dynam-
ics between evolving functional connec-
tivity and underlying cognitive or behav-
ioral outcomes.

Our work. The dynamic nature of complex system cannot be understood by thinking of the system
as comprised of independent elements. Rather, an approach is needed to utilize knowledge about the
complex interactions within a system to understand the behavior of the system overall. In light of
this, modeling the �uctuation of functional connectivities on the Riemannian manifold provides a
holistic view of understanding how brain function emerges in cognition and behavior. In this paper,
we integrate the power of geometric deep learning on Riemannian manifold and the mathematical
insight of SSM to uncover the interplay between evolving brain states and observed neural activities.
First, our method isstructural in that we propose to learn intrinsic FC feature representations on the
Riemannian manifold of symmetric positive–de�nite (SPD) matrices [17], which allows us to take
the whole-brain wiring patterns into account by considering each FC matrix as a manifold instance.
Second, our method isbehavioralin that we leverage the SSM to model temporal dynamics. As
shown in Fig. 1 (b), SSMs operate through two core ODEs, the state equation and the observation
equation, which describe the relationship between the inputx(t) (short forx t ) of the dynamic system
and the system outputy(t) (short foryt ) at a given timet, mediated by a latent states(t) (short forst ).
Taken together,our contributions have threefold. (1) We present a novel geometric deep model by
integrating state space model and manifold learning. By incorporating Riemannian geometry, our deep
model provides an in-depth insight into system dynamics and state transitions, enhancing the model's
ability to capture both temporal and spatial complexities in a data-driven manner. (2) We replace
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the Euclidean algebra of conventional SSMs with Riemannian geometric algebra (accompanied by
theoretical analysis) to effectively capture the spatio-temporal information, which allows us to better
handle irregular data structures and harness the geometric properties of SPD matrices. (3) We have
signi�cantly improved the computational ef�ciency compared to manifold-based deep models by
using modern machine techniques such as geometric deep model (Sec. 3.1) and SPD-preserving
attention mechanism (Sec. 3.2).

We apply our proposed method (GeoDynamics) to two types of system dynamics: brain dynamics
and action recognition [6; 28]. While brain dynamics is our primary focus, action recognition serves
as a validation task to assess the method's generalization performance across different domains.
In the application of understanding brain dynamics, upon which we refer to asGeoDynamics, we
have evaluated model performance on the large-scale human brain connectome (HBC) databases,
including one Human Connectome Project [79] and four disease-related resting-state fMRI data:
(1) Alzheimer's Disease Neuroimaging Initiative (ADNI) [52], (2) Open Access Series of Imaging
Studies (OASIS) [46], (3) Parkinson's Progression Markers Initiative (PPMI) [50], and (4) the Autism
Brain Imaging Data Exchange (ABIDE). For action recognition, we use three classic human action
recognition (HAR) datasets including the Florence 3D Actions dataset [61], the HDM05 database
[53], and the UTKinect-Action3D (UTK) dataset [75]. Our GeoDynamicshas achieved signi�cant
results across both brain dynamics and action recognition tasks, demonstrating its effectiveness and
practicality. These applications on both neuroscience and computer vision highlight the scalability
and robustness ofGeoDynamicsin understanding complex spatio-temporal dynamics across diverse
systems.

2 Preliminary

2.1 Classical State Space Model

The continuous-time state space model is de�ned as

s0(t) = A s(t) + B x (t) and y(t) = C s(t) + D x (t); (1)

wheres(t) 2 RN is the system state,x(t) 2 R is the control input, andy(t) 2 RM the output (we
follow the single-input/single-output convention unless otherwise stated). The matricesA 2 RN � N ,
B 2 RN � 1, C 2 RM � N , andD 2 RM � 1 (oftenD =0 ) encode transition and observation, as sketched
in Fig. 1(b). While Eq. (1) assumes Euclidean variables, many neuroscienti�c signals, notably
functional connectivity matrices, are naturally manifold-valued (SPD), motivating a geometry-aware
extension.

2.2 Riemannian Geometry on the SPD Manifold

Let M = SPD( N ) denote the manifold ofN � N SPD matrices. We writeX; Y 2 M and use the
Stein metric [11] for computational ef�ciency:

d(X; Y ) =

s

log det
�

X + Y
2

�
� 1

2 log det(XY ): (2)

This distance avoids repeated eigendecompositions while preserving key geometric structure.

Group action and isometric “translation”. Let G = GL( N ) be the general linear group acting
on M via g:X := gXg> . Under the Stein metric, such actions are isometric, restricting to the
orthogonal subgroupO(N ) � G preserves distances,d(g:X; g:Y ) = d(X; Y ) for all X; Y 2 M
(proof in Appendix A.2). We call this an isometrictranslationonM and denote it by

TX (g) := gXg> ; g 2 O(N ): (3)

Weighted Fréchet mean (wFM). Givenf X n gN
n =1 � M and nonnegative weightsf wn gN

n =1 withP
n wn = 1 , the wFM is

F (f X n g; f wn g) = arg min
F 2M

NX

n =1

wn d2(X n ; F ): (4)

Assumingf X n g lies in a suitable geodesic ball, existence/uniqueness holds (see Ref. [1]).
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SPD convolution onM . For matrix-valued features, the SPD convolution at layerk is

X (k )
i;j =

� � 1X

u=0

� � 1X

v=0

Hu;v X (k � 1)
i + u; j + v ; (5)

with kernelH 2 R� � � . To preserve SPD structure, we parameterize

H = Z > Z + �I; � ! 0+ ; (6)

so the learned parameter isZ while H is guaranteed SPD, consequentlyX (k ) remains SPD (proof in
Appendix A.3).

3 Method

Geometric formulation of state space dynamics.We extend the classical state space formulation
to the Riemannian manifold of SPD matrices. In this setting, thesystem inputX (t), system state
S(t), andsystem outputY (t) are no longer vectors inRN , but elements of the SPD manifold
M = SPD( N ), equipped with the Stein metric. This design enables the system dynamics to evolve
in a geometrically consistent manner that respects the intrinsic structure of functional connectivity
representations. Formally, at timet, we denote:X (t) 2 M ; S(t) 2 M ; Y (t) 2 M : The
temporal evolution of the system is driven by a set of learnable operators de�ned onM , replacing
the Euclidean linear operators of conventional SSMs.

3.1 State Update and Observation on the SPD Manifold

Let � denote the length of the temporal receptive �eld (i.e., sliding window). We model the evolution
of S(k ) andY (k ) at discrete time stepk 2 f 1; K g through two components: (1)Temporal aggregation
of past states and inputs using the weighted Fréchet mean (wFM) to ensure intrinsic averaging along
geodesics rather than Euclidean linear combinations. (2)Group action translationon the manifold to
represent state transitions and input effects in an isometry-preserving manner.

The state update and observation equations are de�ned as:

S(k ) = T
�

F
�
f Sj gk � 1

j = k � � ; f A j gk � 1
j = k � �

�
; F

�
f X j gk

j = k � � ; f B j gk
j = k � �

� �
;

Y (k ) = T
�

F
�
f Sj gk

j = k � � ; f Cj gk
j = k � �

�
; F

�
f X j gk

j = k � � ; f D j gk
j = k � �

� �
;

(7)

whereF denotes the wFM operator onM (Eq. 4), andT denotes the translation on the manifold
induced by orthogonal group actions (Eq. 3). The learnable parametersf A j ; B j ; Cj ; D j g control
how the history of states and inputs contributes to the current state.

Weighted Fréchet mean aggregation. Given a set of SPD matricesf Z j gk
j = k � � and nonnegative

weightsf wj gk
j = k � � with

P
j wj = 1 , the weighted Fréchet mean is de�ned as:

F
�
f Z j g; f wj g

�
= arg min

F 2M

kX

j = k � �

wj d2(Z j ; F ); (8)

whered(�; �) is the Stein geodesic distance onM . Unlike Euclidean averaging, this operation
produces an intrinsic barycenter on the manifold, ensuring that the aggregated representation remains
SPD.

Group action translation. To propagate states forward in time, we introduce a translation operator
T :

T (U; V) = g(V ) U g(V )> ; (9)

whereg(V ) is an orthogonal transformation inferred fromV. Sinceg(V ) 2 O(N ), this operation is
an isometry under the Stein metric and guarantees that the output remains SPD. The translation acts
as a multiplicative update on the manifold, analogous to additive transitions in Euclidean SSM.
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Discretized dynamics and control.We parameterize the temporal dynamics by discretizing the
continuous-time operator using a matrix exponential scheme. Speci�cally, for each step� :

eA = exp(� A); eB = � A � 1�
exp(� A) � I

�
� B: (10)

This formulation ensures stable temporal integration while preserving geometric structure, allowing
smooth evolution of the system's hidden states onM . The role of eA is to propagate the previous
hidden state, whileeB injects control-dependent information from the input. Their in�uence is
integrated within the wFM in Eq. (7) to produce a manifold-consistent transition.

Task readout via logarithmic mapping. The outputY (K ) is an SPD matrix, which cannot be
directly passed to a standard classi�er. We therefore map it to the tangent space at the identity using
the logarithmic map:

ŷ(K ) = log
�
Y (K ) � = � log(�)� > ; (11)

whereY (K ) = ��� > is the eigendecomposition. This yields a symmetric matrix in Euclidean space
that preserves local manifold geometry.

For classi�cation task and brain state decoding, we employ a softmax layer:

P(Q = q j ŷ(K ) ) =
exp(w>

q vec(ŷ(K ) ))
P Q

q0=1 exp(w>
q0vec(ŷ(K ) ))

; (12)

wherevec(�) denotes vectorization of the symmetric matrix andQ is the number of task classes or
clinical outcomes. Model training uses the cross-entropy loss:

L = �
1
E

EX

i =1

QX

q=1

oiq logP(Q = q j ŷ(K )
i ) (13)

whereoiq is the ground truth label.E denotes the number of subjects/samples.

Global convolutional reformulation. Although the above formulation describes the step-wise state
evolution, it can be equivalently expressed as a convolution operation over time [25]. Expanding the
recurrence gives:

K =
�
CB + D; CAB; CA 2B; : : : ; CA k B; : : :

�
; y = x � K : (14)

To ensure SPD structure, we constrain each kernelK r;l to be SPD by parameterizing

K̂ = K> K + �I; (15)

where� > 0 is a stability constant. The nonlinearity is introduced via the exponential mapexp(�)
on the Riemannian algebra, which guarantees that the output remains SPD after each convolutional
block [15]. Frobenius normalization is applied to control eigenvalue growth and maintain numerical
stability during training.

3.2 SPD-Preserving Attention

To enhance the model's ability to identify informative disease-related spatio-temporal patterns, we
introduce aSPD-preserving attention(SPA) module embedded within the manifold convolutional
backbone. Unlike conventional attention mechanisms that are de�ned in Euclidean space, SPA
operates directly on the SPD manifold and is designed to preserve the positive-de�nite structure of
the signal throughout the attention process. Given the convolutional responseX � K onM , we de�ne
the attention weights as

� (�) =
exp

�
[X � K ]

�

max
�
exp([X � K ])

� ; [X ] := diag( �; X ); (16)

wherediag(�; X ) pads the borders of the SPD matrix with zeros of size� � 1 and introduces a
small positive diagonal component to ensure strict positive de�niteness (see Appendix A.5). The
exponential operationexp(�) plays a role analogous to the sigmoid function, smoothly mapping the
weighted response into the interval[0; 1] while retaining manifold consistency. The resulting� (�)
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acts as asoft maskthat adaptively modulates local connectivity patterns. The attention-weighted
representation is then computed as

eX = � (�) � (X � K ); (17)

where� denotes elementwise multiplication. Because� (�) is strictly positive and bounded, and the
base convolution is SPD-constrained,eX remains SPD after modulation. This preserves both the local
geometry (SPD structure at each time point) and global temporal consistency.

Disease-relevant pattern localization.Many neurological and psychiatric disorders, including
neurodegenerative diseases such as Alzheimer's, are characterized bylocalized but propagating
disruptions in functional connectivity. These disruptions often manifest as: (1) spatially speci�c
abnormal hubsor subnetworks (e.g., default mode, limbic regions), (2) temporal shifts in network
activation or coupling, (3) altered covariance structure in FC trajectories re�ecting pathological
propagation. In conventional SSM or GNN models, such disease-related signals may be smoothed out
by global averaging or �xed-weight message passing. In contrast, the SPA mechanism learnsspatially
and temporally adaptive weighting functionsdirectly on the SPD manifold, enabling:Enhanced
sensitivity to local network deviations: the multiplicative modulation ampli�es abnormal signal
components (e.g., hyper- or hypo-connectivity in key subnetworks) while attenuating background
�uctuations. Preservation of intrinsic geometry: since both the attention and the convolution are SPD-
preserving, pathological patterns expressed as topological changes (e.g., altered covariance structure)
remain valid on the manifold, avoiding distortions induced by Euclidean projections.Temporal
adaptivity: � (�) is computed at each time step, enabling the network to detect evolving abnormal FC
trajectories associated with disease progression. Importantly, the learned attention weights� (�) are
anatomically and temporally interpretable, i.e., high attention scores highlight regions or subnetworks
where deviations from healthy connectivity trajectories are most pronounced. This makes SPA not
only an effective inductive bias for improving predictive performance, but also a tool for identifying
candidate disease biomarkers.

3.3 Summary of theGeoDynamicsFramework

The proposedGeoDynamicsintegrates:(1) Geometric state evolution:Input, system states, and
outputs are represented as SPD matrices evolving onM , ensuring geometric consistency.(2)
Manifold-aware operators:Temporal aggregation via weighted Fréchet means and state transitions
via orthogonal group actions guarantee that system trajectories remain on the manifold.(3) Stable
discretization:Matrix exponential schemes provide stable integration and controllable temporal
dynamics.(4) Ef�cient convolutional formulation:A global kernel expansion enables parallel training
and scalable implementation.(5) Geometric attention:SPA enhances interpretability and sensitivity
to task-relevant regions.

This formulation provides a principled and computationally ef�cient way to model non-Euclidean
temporal dynamics, making it particularly well suited for functional connectivity sequences and other
manifold-valued time series.

4 Experiments

4.1 Experimental Setup

Dataset.We apply our method to two types of datasets includinghuman brain connectome(HBC)
andhuman action recognition(HAR), more detailed data information is shown in Table 4 of Appendix
A.6. For HBC dataset.We select one dataset of healthy young adults and four disease-related human
brain datasets for evaluation: the HCP Working Memory (HCP-WM) [79], ADNI [ 52], OASIS [46],
PPMI [50], and ABIDE [20]. We selected a total of 1,081 subjects from the HCP-WM dataset. The
working memory task included eight task events. Brain activity was parcellated into 360 regions
based on the multi-modal parcellation from [24]. For the OASIS (924 subjects) and ABIDE (1,025
subjects) datasets, which are binary-class datasets, one class represents a disease group and the other
represents healthy controls. In the ADNI dataset, subjects are categorized based on clinical outcomes
into four distinct cognitive status groups. The PPMI dataset also consists of four classes. We employ
Automated Anatomical Labeling (AAL) atlas [67] (116 brain regions) on ADNI, PPMI, ABIDE
datasets, while Destrieux atlas [18] (160 brain regions) are used in OASIS to verify the scalability
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of the models.For HAR dataset.We validate the performance of the proposedGeoDynamicson
three widely-used HAR benchmarks: the Florence 3D Actions dataset [61], the HDM05 database
[53], and the UTKinect-Action3D (UTK) dataset [75]. The Florence 3D Actions dataset consists of 9
activities performed by 10 subjects, with each activity repeated 2 to 3 times, resulting in a total of
215 samples. The actions are captured by the motion of 15 skeletal joints. For the HDM05 dataset,
we follow the protocol from [71], focusing on 14 action classes. This dataset contains 686 samples,
each represented by 31 skeletal joints. Lastly, the UTKinect-Action3D dataset comprises 10 action
classes. Each action was performed twice by 10 subjects, yielding a total of 199 samples.

SPD matrices construction. For HBC dataset. Each fMRI scan has been processed intoN
mean time courses of BOLD signals, each withT time points (whereN represents the number of
brain parcellations), we employ a sliding window technique to capture functional brain dynamics.
Speci�cally, we construct aN � N correlation matrix at each time pointt (t = 1 ; : : : ; T) based on the
BOLD signal within the sliding window, centered at timet. This results in a sequence of FC matrices
encoding the functional dynamics for each scan, represented asX = f X (t) j t = 1 ; : : : ; Tg 2
RT � N � N , in Fig. 2 (a).For HAR dataset.HAR datasets exhibit variability due to differences in
action duration, complexity, the number of action classes, and the technology used for data capture.
Therefore, we �rst apply a preprocessing step following [56] to obtain the SPD matrices. This step
involves �xing the root joint at the hip center (red dashed circle in Fig. 2 (b)) and calculating the
relative 3D positional differences for all otherN � 1 joints. For each timestampt = 1 ; : : : ; T , we
obtain a3 � (N � 1)-dimensional column vector representing the relative displacements of the joints.
Then, we compute covariance matrices using the method proposed in [56] to yield the SPD matrices.
After that, we apply a sliding window technique to capture the dynamics over time, resulting in a
sequence of SPD matricesX = f X (t) j t = 1 ; : : : ; Tg 2 RT � (3( N � 1)) � (3( N � 1)) , as illustrated in
Fig. 2 (b).

Figure 2: The construction of SPD matrices for HBC (a) and HAR (b) datasets. Learning the system
dynamics on manifold space as illustrated in (c).

Comparison methods and evaluation metrics.For HAR dataset.There are some popular methods
for HAR, such as multi-part bag-of-pose (MBP) [61], Lie group [69], shape analysis on manifold
(SAM) [19], elastic function coding (EFC) [2], multi-instance multitask learning (MML) [78], Tensor
Representation (TR) [45], LieNet[34], SPGK [72], ST-NBNN [73], GR-GCN [23] and DMT-Net and
F-DMT-Net [80]. We also include Bi-long short-term memory (Bi-LSTM) [5] and part-aware LSTM
(P-LSTM) [62]. For HBC dataset.We stratify the comparison methods for HBC into two groups:
spatial and sequential models.Spatial modelsfocus on capturing brain dynamics. Traditional GNNs
like GCN [44] and GIN [77] are included for their ability to handle structured data. Subgraph-based
GNNs like Moment-GNN [41] focus on identifying local patterns, while expressive GNNs like
GSN [7] and GNN-AK [81] enhance subgraph encoding for better expressivity. SPDNet [16], a
manifold-based model, is chosen for managing high-dimensional data. Plus, an MLP serves as a
simple, generic baseline.Sequential modelstarget temporal dynamics in BOLD signals. 1D-CNN
captures temporal patterns, while RNN [59] and LSTM [31] handle sequential dependencies. MLP-
Mixer [65] integrates both temporal and spatial information, and Transformer (TF) [68] captures
global dependencies through attention. Mamba [25], vanilla SSM, is included for its ability to model
system dynamics over time. Two dynamic-FC methods, STAGIN [43], NeuroGraph [60]. Three brain
network analysis methods BrainGNN [49], BNT [40], and ContrastPool [76]. More details are shown
in Appendix A.7.

Evaluation metrics. For Florence and UTKinect datasets, we adopt the standard leave-one-actor-out
validation protocol as outlined in [23]. This method generatesQ classi�cation accuracy values, which
are averaged to produce the �nal accuracy score. For HDM05 dataset, we follow the experimental
setup from [32], conducting 10 random evaluations. In each evaluation, half of the samples from
each class are randomly selected for training, with the remaining half used for testing. In all HBC
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experiments, we utilize a 10-fold cross-validation scheme, reporting accuracy (Acc), precision (Pre),
and F1 score to provide a thorough evaluation of model performance across various datasets.

4.2 Results on Human Brain Connectivity Datasets

We investigate brain dynamics across both healthy and disease-related cohorts using task-based and
resting-state fMRI data.

Task-based fMRI. We �rst evaluate the task-based working-memory dataset (HCP-WM) using
sixteen representative methods. The results in Fig. 3 (green colors) show that sequential models
achieve markedly higher accuracy than spatial models (pair-wiset-test,p < 10� 4), with performance
gains up to 30%. Our proposedGeoDynamicsachieves the best overall performance.

Interpretation. From a machine learning perspective, sequential models may better capture the
temporal dependencies in BOLD signals, which are inherently dynamic during task execution. In
contrast, spatial models rely on static functional connectivity patterns that are less sensitive to rapid
task-induced variations. Biologically, task-based fMRI paradigms elicit speci�c neural responses
related to cognitive processes such as attention and memory, leading to pronounced �uctuations in
brain activity that align naturally with sequential modeling.

Figure 3: Evaluation performance for different methods across HBC datasets. The best performance
is highlighted in bold, while the second-best is underlined.

Neurodegenerative diseases.Next, we focus on early diagnosis of neurodegenerative diseases (ND),
including Alzheimer's Disease (AD) (yellow and purple colors) and Parkinson's Disease (PD) (pink
colors), using resting-state fMRI. We assess the classi�cation between cognitively normal (CN)
and neurodegenerative (ND) groups. Spatial models show slightly better average performance than
sequential models (p = 0 :37), although the difference is not statistically signi�cant. Notably, our
GeoDynamicssubstantially outperforms all baselines, achieving a signi�cant improvement over the
second-best method (p < 0:05).

Interpretation.Unlike task-based fMRI, resting-state fMRI measures spontaneous neural activity,
re�ecting intrinsic connectivity rather than stimulus-driven dynamics. This may explain why spatial
models perform competitively in ND classi�cation tasks. From a biological standpoint, neurodegener-
ation primarily manifests as gradual network disconnection rather than transient dysfunction [55; 12].
Functional disruption often precedes measurable cognitive decline by many years [70]. The results
in Fig. 3 thus highlight the clinical promise of deep learning models for detecting early ND-related
alterations in large-scale brain networks.

Neuropsychiatric disorders.We further analyze Autism Spectrum Disorder (ASD) using the ABIDE
dataset. As shown in Fig. 3 (blue color), spatial models slightly outperform sequential ones, with
SPDNet consistently ranking second only to ourGeoDynamics. Both SPDNet andGeoDynamics
share two key design principles: (1) manifold-based representation learning that preserves the intrinsic
geometry of functional connectivity matrices (Fig. 2 (c)), and (2) spatio-temporal modeling that
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