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Abstract. Resting-state fMRI (rs-fMRI) offers a powerful tool for an-
alyzing functional organization in brain for neurodegenerative and neu-
rodevelopmental disorders. Although graph-based and spatio-temporal
models have shown promise, most existing approaches decouple spa-
tial structure from temporal dynamics or rely on predefined temporal
windows, limiting the capacity of spatial information to directly mod-
ulate temporal processing. To address these limitations, we propose a
spectral-temporal state space framework that integrates graph spectral
representations with state-space modeling through a spectral-temporal
kernel, enabling window-free and frequency-based temporal modeling.
Experiments on three rs-fMRI cohorts with 1,926 subjects demonstrate
that our method consistently outperforms competitive baselines across
diverse conditions, including Parkinson’s disease, autism spectrum disor-
der, and attention deficit hyperactivity disorder. In addition, we provide
interpretable insights into spectral-temporal patterns of brain dysfunc-
tion, advancing the characterization and classification of neurodegener-
ative and neurodevelopmental disorders.

Keywords: Graph Spectral Analysis - State-Space Modeling - Brain
Network Analysis - rs-fMRI Disease Classification.

1 Introduction

Functional magnetic resonance imaging (fMRI) is a non-invasive neuroimag-
ing modality that measures blood-oxygen-level-dependent (BOLD) signals to
characterize spatio-temporal brain activity and functional connectivity. These
capabilities have led to the widespread adoption of fMRI in both clinical and
research settings for studying neurodevelopmental and neurodegenerative dis-
orders, including Parkinson’s disease, autism spectrum disorder, and attention
deficit hyperactivity disorder [22,25,34]. In practice, correlations among BOLD
time series extracted in predefined regions of interest (ROIs) construct functional
brain networks, which allow the investigation of inter-regional coupling patterns
[7,9]. Building on this representation, deep learning approaches have increasingly
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been explored to model fMRI-derived brain networks for data-driven prediction
and characterization of neurological and psychiatric conditions.

Existing methods for brain network analysis aim to identify neurobiological
markers by decoding the complex topological structures of brain function [27,28].
For example, BrainGNN [17] introduces pooling operators to identify critical
nodes, BrainNetTF [11] incorporates orthogonal clustering into the graph trans-
former to obtain discriminative node-level embeddings, ALTER [38] captures
long-range dependencies through biased random walks, BioBGT [24] proposes
entanglement-based node importance encoding, and BQN [37]| adaptively learns
brain functional networks using a quadratic network. However, these static ap-
proaches mainly rely on time-averaged connectivity and therefore struggle to
capture the transient and non-stationary properties of neural dynamics.

To address this limitation, spatio-temporal approaches incorporate spatial
topology with temporal fluctuations by modeling the brain as a dynamic sys-
tem. For instance, STAGIN [12] extracts structural features with temporal dy-
namics by attention mechanisms, BolT [1] captures spatio-temporal information
using fused window attention, BrainWaveNet [10] models temporal dynamics via
continuous wavelet transformation, STG-Mamba [15] integrates graph informa-
tion with state-space temporal modeling, and FST-Mamba [32] hierarchically
captures spatio-temporal information. Despite their effectiveness, most recent
approaches still process topology and dynamics in a decoupled manner, fusing
them only as a post-processing step, which restricts topology-driven temporal
modeling. Moreover, the reliance on sliding windows often renders performance
sensitive to window choices.

In this work, we propose Spectral-Temporal Mamba (i.e., SpecT-Mamba)
that directly couples graph spectral structure with state-space temporal mod-
eling via a learnable spectral-temporal kernel. This kernel adaptively modu-
lates signal amplitudes to prioritize informative frequencies while simultaneously
adjusting memory scales to control the temporal decay rate, allowing for the
capture of both transient and sustained neural activities. By integrating these
topology-guided dynamics rather than relying on post-hoc fusion, SpecT-Mamba
captures multi-scale temporal patterns in fMRI signals without relying on tempo-
ral partitioning such as sliding windows. As a result, we reformulate the proposed
spectral-temporal filtering as a state-space model, achieving strong downstream
performance while providing insights into spectral-based temporal patterns.

The key contributions of our work are 1) introducing a novel spec-
tral-temporal state space framework built upon a learnable spectral-temporal
kernel that jointly modulates temporal amplitudes and memory supports of sig-
nals, 2) enabling window-free spatio-temporal modeling without sensitivity to
heuristic hyperparameter choices, and 3) demonstrating superior performance
on rs-fMRI benchmarks while offering insight into temporal dynamics. Experi-
ments on publicly available rs-fMRI benchmarks demonstrate that the proposed
framework achieves strong performance in classifying and interpreting brain dis-
eases, highlighting its potential to support early diagnosis in clinical settings.
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Fig. 1: Illustration of SpecT-Mamba. Given an input signal X, the X is projected
to the graph spectral subspace as Z and processed by the spectral-temporal SSM
(SpecT-SSM), where the spectral output Y are obtained through a spectral-
temporal kernel (SpecT-Kernel) by optimizing parameters ¢ and s. Then, the Y
is reconstructed to the graph space as X and fed into the downstream classifier.

2 Preliminary: State Space Model

State Space Models (SSM) [6] are sequence models that represent temporal pro-
cesses using state equations describing the evolution of latent states. For an
input 2(t) € R, a hidden state h(t) € R¥ with state dimension H, and an
output y(t) € R, the continuous-time state equation is expressed as

h'(t) = Ah(t) + Bx(t), y(t) = Ch(t). (1)

Here, A € REXH is the state matrix, B € R¥ is the input projection matrix,
and C € R is the output projection matrix. While these state equations are
typically defined in continuous time to capture real-world dynamics, Mamba [5]
enables end-to-end learning by discretizing Eq. (1) via Zero-Order Hold (ZOH)
[23]. With the time scaling parameter A € R from ZOH discretization, the
continuous-time parameters are mapped into discrete matrices A and B as

A =exp(AA), B = (AA) '(exp(AA) —1)- AB ~ AB, (2)

where A is restricted to be diagonal for stable training under ZOH discretiza-
tion. When A is diagonal and A is small, the ZOH input term is commonly
approximated as B ~ AB. Based on Eq. (2), Eq. (1) is converted as

ht = Aht_l + th, Yy = Cht (3)

3 Spectral-Temporal Mamba (SpecT-Mamba)

Brain Network from rs-fMRI Signals. A brain network is represented as
an undirected graph G={V, £} with a node set V and an edge set £, where each
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node corresponds to a ROI. As in Fig. 1, the rs-fMRI signal is defined as a
node feature matrix X € RV*T with N ROIs, where each ROI is associated
with a BOLD time series of length T'. To construct a functional connectivity
matrix A, Pearson correlation coefficients [12] are computed between ROI time
series, and the resulting correlation matrix is then thresholded at 0.5 to obtain a
binary adjacency matrix A € RV*N_ Based on A, the graph Laplacian is defined
as L=D—A, where D € RV*N denotes the diagonal degree matrix. It has a
complete set of orthonormal eigenvectors U=[u|uz| ... |un] with corresponding
real and non-negative eigenvalues 0=X;<A3<... <Ay, so does the normalized
Laplacian L=D~1/2LD~1/2,

Spectral Projection. Using L, X is projected onto U to obtain a graph
Fourier representation. This transformation decomposes node signals into fre-
quency components, which enables explicit modeling of dynamics across different
spatial frequencies. By selecting the D lowest eigenvalues {)\d}c’?zl, the represen-
tation emphasizes smooth spectral components while suppressing high-frequency
noise from raw signals. Formally, this transformation is given by Z=U EX , where
Z € RP*T denotes the spectral coefficients of the rs-fMRI and Up € RV*P ig
the truncated eigenbasis corresponding to the lowest D eigenvalues. For each
spectral channel d, the spectral coefficient at time ¢ is defined as zgd):u;xt,
where ug € RN is the d-th eigenvector and z; € RY is the t-th node signal.
Spectral-Temporal Kernel. After projection, the spectral output y, € R” at
time ¢ is obtained by aggregating past coefficients as

thT AD th‘r AD) UDxra (4)

T<t T<t

where Ap = diag[A1,...,Ap] and g, () is a spectral-temporal kernel that maps
the spectral coefficient at time 7 to the output at time ¢. To model multi-
scale temporal dependencies in a topology-aware manner, we design this kernel
that jointly modulates (i) the amplitude of spectral components and (ii) the
frequency-conditioned temporal decay rate. For each d, we parameterize gE,dT)

a mixture of exponential kernels over J different temporal scales, given by

o9 = Zc(d) e (=) Zc(d e—sita(t=7) (5)

@) modulates the amplitude contribution of the j-

th scale in the d-th spectral component, while the decay rate a( )7,5j Ag couples
a trainable and non-negative memory scale s; with A\; to control the decay speed.
This parameterization allows SpecT-Mamba to adaptively emphasize or sup-
press spectral strength and effective temporal support in a frequency-dependent
manner. Therefore, by jointly optimizing cg.d) and s;, SpecT-Mamba adaptively
reweights temporal influences and adjusts their memory spans to extract the
most discriminative spectral-temporal patterns for disease classification.

Spectral-Temporal SSM. Building on the spectral-temporal kernel in Eq. (5),
we express the induced causal filtering in a state-space form. For spectral channel

Here, the learnable coefficient c;
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d, filtering the spectral coefficients zéd) at time ¢ produces ygd):ZTq gt(:? 2D,

. d) . . . . .
Since g,ET) is parameterized as a sum of exponentials, a scale-wise hidden repre-

sentation hgi)j € R of the d-th spectral component at time ¢ is defined as

hi,dS)J _ Ze_sj,\d(t_q—) -Z.S_d) _ Z e—sj/\d(t—f) -Z_g_d) + Zt(d)

T<t T<t—1 (6)
— o~ 8iNd Z e—Sira(t—1-7) .Z$d) + zt(d) — e SiNd . hﬁ)mg‘ + Zt(d)’
T<t—1
which yields the spectral output yt(d) € R over J memory scales as
J
d d d d

u” =Ygl A =AY (7)

<t j=1

By defining A = diagle=*1*, ..., e7%7%] ¢ R/ B = 1; € R/, and
C@ = [c(ld), . 7cf,d)] € R/ Eq. (6) and (7) align with the canonical discrete-
time SSM as Eq. (3). Consequently, the proposed kernel is implemented as a
Mamba block, achieving efficient sequential modeling while preserving the in-
trinsic spectral-temporal structures of brain networks.

Reconstruction. To recover node-level representations in the graph space, the
spectral output y; € RP is transformed back to the graph space using the Up,
yielding the reconstructed node signal z; € RV at time ¢ as

Ty =Upy: = Up th,T(AD) Ul—)rwr (8)

T<t

Finally, the reconstructed node feature X € RN*7T is combined with the original
input X through a weighted skip connection controlled by «, ie., X = aX +
(1 — &)X, which is fed into the downstream classifier for disease prediction.

4 Experiments

Datasets. To evaluate the performance of SpecT-Mamba, we utilized public
rs-fMRI datasets; Parkinson’s Progression Markers Initiative (PPMI) [20] as a
neurodegenerative benchmark, alongside Autism Brain Imaging Data Exchange
(ABIDE) [8] and Attention Deficit Hyperactivity Disorder (ADHD-200) [2]| as
neurodevelopmental benchmarks. Following [36] and [2], fIMRI scans from N=181
(68 Non-PD and 113 PD) subjects in PPMI, N=989 (534 Control and 455
Autism) in ABIDE, and N=776 (488 Control and 268 ADHD) in ADHD-200
are transformed into brain networks. Each brain is parcellated into 116 regions
using the AAL atlas [29]. To mitigate site-driven differences in sequence length
and maintain temporal consistency across subjects, we truncated BOLD signals
to the shortest sequence within each dataset. Thus, the temporal dimensions
were set to 112, 120, and 72 for PPMI, ABIDE, and ADHD-200, respectively.
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Table 1: Comparison of classification performance between static (top) and spatio-
temporal (bottom) methods on the three rs-fMRI brain network benchmarks. The
best , second-best , and third-best results are highlighted.

Method PPMI ABIDE ADHD-200

Acc 1 Pre 1 Rec T Acc t Pre 1 Rect | Acct Pret Rec?
GCN [14] 55.247.0 52.7+6.6 52.5+6.5 |50.543.2 50.343.4 50.34+3.4|54.8449 52.044.4 52.0445
GAT [30] 56.948.8 55.3+7.9 54.446.9 |53.2422 53.0425 53.042.4(55.2435 53.0+1.9 53.041.8
BrainGNN [17] 59.1454 574457 57.846.2 55.T+1.5 58.9+6.2 52.942.1(58.2434 57.143.2 57.243.4
BrainNetTF [11] 60.2452 62.247.4 60.244.9|53.042.9 55.7425 53.841.9|55.244.4 50.944.2 50.713.9
ALTER |[38] 629482 60.548.1 60.7+8.0[61.9426 61.8426 61.742.4 |57.442.9 541427 53.9421
Graph-Mamba [31] 61.946.0 61.616.3 62.246.4 |56.042.4 49.3196 53.841.9|51.343.7 54.7435 54.T435
BioBGT [24] 61.34+51 60.844.9 59.0+5.156.3+1.4 55.9+1.5 55.041.5|60.243.2 58.3+6.7 57.947.1
BQN [37] 64.6138 629170 59.6176|54.54208 55.7435 54.9130[61.5446 59.21434 56.1135
STAGIN—SERO [12] 63.Ui6_g 61.0ig_3 59-9i6.7 56.112.5 55.3i2_9 54-4i2.9 62.7i5_0 58.617.1 544653_4
STAGIN-GARO [12] ||67.445.5 66.3+52 66.0+4.3 |57.T+2.6 57.3+2.9 56.7+3.5|62.042.5 53.316.6 53.2+4.2

BolT [1] 64.64558 66.316.9 64.6+63 62.1431 62.6432 61.5+3.1(59.244.9 57.546.3 55.615.3
Mamba [5] 66.9+1.5 652407 64.7421 ‘60.9i3.1 60.64+3.4 60.543.3(59.841.7 56.542.3 56.5123
BrainWaveNet [10] 66.8435 625175 61.2472 62.2438 621444 60.4453(63.4438 53.246.2 45.846.5
STG-Mamba [15] 67.317.0 65.317.7 625171 621116 62.8115 62.7112(62.62130 584134 57.5130
FST-Mamba [32] 67.9489 65.2494 65.0+9.9 ‘60.9i3.0 62.044.0 58.841.2[61.044.0 577442 574437

SpecT—Mamba (Ours) 71.342.7 69.343.9 69.5442 64.141.6 63.841.4 62.5423|66.6+3.0 62.6+37 61.3438

Baselines. We categorized the baselines into two groups; 1) Static methods such
as GCN [14], GAT [30], BrainGNN [17], BrainGB |[3], BrainNetTF [11|, ALTER
[38], Graph-Mamba [31], BioBGT [24], and BQN [37] and 2) Spatio-Temporal
methods such as STAGIN [12] with two modules (i.e., SERO and GARO), BolT
[1], Mamba [5], BrainWaveNet [10], STG-Mamba [15], and FST-Mamba [32].
Experimental Setup. For unbiased results, 5-fold cross validation was per-
formed, and accuracy (Acc), precision (Pre), and recall (Rec) in their mean are
reported. All baselines were trained using the Focal loss [19] and the Adam op-
timizer [13]. To ensure fair comparisons, each baseline was tuned to achieve best
feasible outcomes. For SpecT-Mamba, we used a dropout rate of 0.5, a learning
rate of be-3, and a weight decay of 5e-4. Also, we set the number of spectral
channels D=64, with the scales J set to 8/16/4 for PPMI/ABIDE/ADHD-200.
Classification Result. The performance comparisons between SpecT-Mamba
and 15 baselines including static and spatio-temporal methods across three
benchmarks are reported in Table 1. While static baselines show reasonable per-
formance, their results remain noticeably lower than those of spatio-temporal
methods including SpecT-Mamba. Specifically, SpecT-Mamba brings improve-
ments with average gain of 3.4%p in accuracy, 2.0%p in precision, and 3.5%p in
recall over the second-best method for the PPMI. Notably, the superior perfor-
mance of SpecT-Mamba stems from its effectiveness in adaptively modulating
multi-scale temporal memories based on the graph spectral structure.

5 Interpretation of trained SpecT-Mamba

Analysis on the Interpretable Results. To investigate the neurobiological
relevance of the patterns learned by SpecT-Mamba, we utilize Grad-CAM [26] to



SpecT-Mamba 7

Table 2: The Grad-CAM [26] results describing the top-10 ROIs with the highest
activation (Act.) to classify disease on the PPMI (Left) and ADHD-200 (Right)
datasets. The indices align with the index values in the AAL116 atlas [29], and
(L) and (R) denote the left and right hemispheres, respectively.

PPMI ADHD-200
Idx|ROI Act. |Idx | ROI Act.  Idx|ROI Act. [Idx|ROI Act.
75 | (L) Pallidum 1.000| 25 [(L) Frontal.Mid.Orb |0.613 25 |(L) Frontal. Mid.Orb |1.000| 60 |(R) Parietal.Sup {0.892
69 | (L) Paracentral.Lob|0.824| 83 |(L) Templ.Pole.Sup |0.595 94 |(R) Cerebellum.Crus2|0.980| 18 |(R) Rolandic.Oper|0.889
81 | (L) Temporal.Sup |0.795|100 | (R) Cerebellum.6  |0.568 78 |(R) Thalamus 0.955| 21 |(L) Olfactory 0.879
107 | (L) Cerebellum.10 |0.678| 26 |(R) Frontal.Mid.Orb|0.564 20 |(R) Supp.Motor 0.934| 32 |(R) Cingulum.Ant |0.855
28 |(R) Rectus 0.622| 19 |(L) Supp.Motor 0.523 59 |(L) Parietal.Sup 0.921| 8 |(R) Frontal.Mid |0.842
Left Top Right Left Top Right
250026 25@ 32
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Fig.2: Top-10 ROIs with the highest activation for classifying disease on the
PPMI (Left) and ADHD-200 (Right). Node color indicates the activation.

identify ROIs that contribute most significantly to disease classification. Table 2
presents the top 10 nodes with the highest gradient activations for the PPMI and
ADHD-200 datasets, while their spatial distributions are visualized in Fig. 2.
For PPMI, the left pallidum shows the highest activation, with the superior
temporal gyrus and left cerebellum also highlighted. These regions belong to the
motor and default mode network, which are known to be disrupted in PD due to
impaired motor execution and sensorimotor integration [16,33,35]. For ADHD-
200, the orbital part of the middle frontal gyrus is the highest ranked ROI, and
it is typically associated with the default mode network. In addition, regions
within the salience network (e.g., anterior cingulate cortex) and frontoparietal
control network (e.g., cerebellar crus II) are also highlighted, reflecting deficits in
cognitive control and response inhibition in ADHD [4,18,21]. These results indi-
cate that SpecT-Mamba captures both region-specific importance and structure-
aware temporal dynamics through spectral-temporal modeling, supporting its
relevance to neurological disorders.
Spectral-Temporal Dynamics via Kernels. To examine the temporal influ-
ence across spectral channels, Fig. 3 shows the kernel weights g7 - at the final step
T over past times 7 < T for each dataset. Here, the spectral channels are equally
divided into low-, middle-, and high-frequency bands based on their eigenvalues.
Across all cases, low-frequency groups assign larger weights to earlier time steps,
indicating stronger long-range dependency, whereas high-frequency groups decay
faster and emphasize recent inputs. This behavior reflects the distinct roles of
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Fig. 3: Visualization of the learned spectral-temporal kernel weights g7 . on the
three benchmarks. We fix the current time to the last step (i.e., t=T) and plot
the kernel weight as a function of the past index 7, where spectral indices d are
grouped into low-, middle-, and high-frequency bands.

Table 3: Ablation study on spectral-temporal coupling parameters of SpecT-Mamba.

Method Memory | Amplitude PPMI ADHD-200
etho Scale s | Modulation ¢ || Acc T Pre 1 Rec 1 Acc 1 Pre 1 Rec 1
Fixed Fixed 65.543.8 639448 639451 | 62.8421 581425 bH7.1i24
) Fixed Learnable 679434 671451 657144 | 639414 59.6116 58.9+1.9
SpecT-Mamba Learnable Fixed 70.1457 68.1457 68.3+6.3 | 649424 61.1421 60.7423
Learnable | Learnable 71.3127 693139 69.5142|66.6130 62.6137 61.3138

spectral components, where low-frequencies capture spatially smooth patterns
that evolve slowly and thus benefit from long-range temporal integration, while
high-frequencies encode localized and noise-sensitive variations for which short-
range temporal modeling is appropriate to preserve transient dynamics. Overall,
SpecT-Mamba adaptively allocates temporal influence according to spectral fre-
quency, enabling differentiated temporal behaviors across spectral bands.
Effect of Spectral-Temporal Coupling Parameters. To investigate the in-
fluence of spectral-temporal coupling in SpecT-Mamba, we performed an abla-
tion study on the memory scale s and the amplitude modulation coefficient ¢, as
summarized in Table 3. When both s and ¢ were fixed, performance showed the
largest degradation, and learning either s or ¢ led to a noticeable improvement.
Performance was further boosted up to 71.3% on PPMI and 66.6% on ADHD-
200 when both parameters were optimized jointly, demonstrating that capturing
the spectral-temporal relationship adaptively is highly effective. This indicates
that the performance gain mainly stems from jointly learning the spectral and
temporal interactions, rather than specific hyperparameter settings.

6 Conclusion

In this work, we proposed SpecT-Mamba, a spectral-temporal framework that
conditions temporal evolution on graph spectral structure. By modeling a multi-
scale state-space kernel to modulate signal amplitude and temporal decay, our
model captures both short- and long-range dependencies. Thus, SpecT-Mamba
learns topology-aware temporal representations in which spectral channels en-
code dynamics relevant to neurological and neuropsychiatric disorders. Experi-
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ments on rs-fMRI datasets show that SpecT-Mamba outperforms baselines while
providing insights into spectral-temporal patterns of brain dysfunction.
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