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Abstract. Brain structural connectivity (SC) provides the anatomical
foundation for functional connectivity (FC), yet existing methods model
structure-function coupling as one-to-one correspondence between paired
regions. This contradicts neuroscientific evidence showing that functional
interactions emerge from distributed structural pathways spanning mul-
tiple brain areas. We propose a many-to-many coupling approach using
graph state-space models, which encode SC and FC graphs separately,
and thereafter sequentially scan their interactions where each position
accumulates information from all previous positions. Unlike graph con-
volutional networks that suffer from over-smoothing or attention mecha-
nisms that compute region-pair interactions independently, we show that
our approach captures long-range distributed coupling through state ac-
cumulation. We further introduce a hierarchical variant that incorpo-
rates modular brain organization, performing within-module fusion be-
fore cross-module integration for biologically constrained many-to-many
learning. Quantitative analysis using interaction sparsity, distance, and
modularity metrics validates the distributed coupling capacity. Experi-
ments across four datasets (HCP, PPMI, ADNI, COBRE) show consis-
tent improvements: r=0.32 for fluid cognition and upto 97.0% accuracy
on disease classification. Our method activates ≈49% of possible SC–
FC region pairs versus ≈20% for attention, with mean hop distances of
d̄=0.98 and cross-module ratios exceeding 85%. Interpretability analysis
reveals disease-specific patterns including subcortical-motor disruption
in Parkinson’s disease.

Keywords: Brain connectome · Disease classification · Graph state-
space models · Mamba · Multimodal fusion · Structure-function coupling.

1 Introduction

Brain structural connectivity (SC) representing white matter pathway integrity
estimated from diffusion tensor imaging (DTI), and functional connectivity (FC)
⋆ Corresponding author.
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capturing temporal dependencies between BOLD signals via resting-state fMRI
(rs-fMRI) are closely coupled: FC tends to be strongest among structurally con-
nected regions and alterations in their relationship are associated with cognitive
change and brain disorders [2, 8, 5, 27, 18]. Yet most functional connections form
without a direct structural link [19], and high-order polysynaptic interactions
give rise to complex structure-function couplings that go beyond simple region-
to-region correspondence [8, 19].

Graph neural networks (GNN) have become the dominant framework for
connectome analysis [3, 6], with recent multimodal extensions modelling SC–
FC interactions through learned coupling weights or modularity-guided convo-
lution [25, 4, 24]. However, these methods enforce a one-to-one correspondence:
structural region i interacts only with functional region i. This contradicts the
neuroscientific evidence above and fails to capture distributed polysynaptic in-
fluences [19, 8].

We address this by proposing many-to-many SC–FC coupling where every
structural region can influence all functional regions. We implement this through
state-space model, specifically Mamba [9] that process tokens sequentially so that
each position accumulates information from all preceding positions via a hidden
state. Constructing an interleaved SC–FC sequence allows structural region i to
propagate naturally to all subsequent functional regions j>i without enumerat-
ing O(N2) pairs. Cross-attention provides all-to-all pairing but treats each pair
independently; element-wise operations (e.g., concatenation) enforce one-to-one
correspondence by design.While Mamba has been applied to multimodal fusion
via coupled parallel state chains [13] and to brain image fusion through inter-
leaved token sequences [15], and has shown promise for unimodal connectome
analysis [23], its application to multimodal SC–FC fusion remains unexplored.

This paper outlines the following contributions: (i) We propose an state-space
many-to-many fusion (SSFuse) framework using interleaved SC–FC sequences for
distributed structure-function coupling; (ii) We introduce a hierarchical variant
(GM-SSFuse-H) that constrains within-module fusion before cross-module inte-
gration, consistent with the modular organisation of the brain [26]; (iii) We define
three quantitative interaction metrics; active pair fraction, mean hop distance,
and cross-module ratio, to validate distributed coupling empirically; and (iv) Our
methods evaluated on four datasets (HCP, PPMI, ADNI, COBRE) outperform
six baselines, with gradient-based analysis recovering neuroanatomically inter-
pretable SC–FC patterns consistent with known disease mechanisms [27, 18].

2 Materials and Methodology

2.1 Datasets and Image Preprocessing

For fluid cognition prediction, we used 838 participants from the Human Con-
nectome Project (HCP) [21]. For disease classification, we used three datasets:
PPMI [14] (75 controls, 72 Parkinson’s disease (PD) patients), ADNI [10] (105
controls, 100 Alzheimer’s disease (AD) patients), and COBRE [1] (72 controls,
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Fig. 1. Overview of proposed GM-SSFuse. FC and SC graphs are encoded indepen-
dently via modality-specific Graph Mamba (GM), and then fused through a state-space
many-to-many fusion (SSFuse) module. The fused embedding is passed to a readout
and output layer for regression (fluid cognition) or classification (neurological diseases).

60 schizophrenia (SZ) patients). All datasets include T1w MRI, rs-fMRI, and
DTI images. For HCP, rs-fMRI and DTI images were preprocessed with the
DPARSF 5.1 toolkit and the brain diffusion toolkit within FSL [11], respec-
tively. For PPMI, ADNI, and COBRE, DTI images were preprocessed via Clin-
ica [17], including eddy current correction, with structural connectivity matrices
obtained as streamline counts between ROI pairs via probabilistic tractogra-
phy using FSL following the AAL atlas. fMRI images were preprocessed with
fMRIPrep [7], including motion correction, slice timing correction, spatial nor-
malisation to MNI152NLin2009cAsym space, and nuisance regression. FC and
SC were constructed with 116 ROIs following the AAL protocol [20], covering
both cortical and subcortical structures. Fluid cognition scores were extracted
from CogFluidComp in the HCP phenotype list, ranging from 87 to 147. FC
between paired ROIs was computed using the Pearson correlation coefficient. A
modified Yeo 7-network parcellation [26] was adopted by introducing an addi-
tional subcortical module, yielding P = 8 modules.

2.2 Proposed Method

As shown in Fig. 1, the proposed framework (GM-SSFuse) consists of (1) modality-
specific Graph Mamba (GM) encoders and (2) a State-Space Fusion (SSFuse)
module. Further, we propose a hierarchical variant (GM-SSFuse-H) incorporat-
ing modular brain organization, and introduce interaction analysis metrics.

Graph Representation The brain connectome is modeled as a graph with
ROIs as nodes and connectivity strengths as edges. For each participant, a FC
graph Gf = (V f , Af , Xf ) is constructed from rs-fMRI, where Af ∈ RN×N is a
thresholded FC matrix preserving the top 10% positive edges per node [24], and
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Fig. 2. Detailed view of SSFuse variants. (a) SSFuse: SC and FC node embeddings
are interleaved into a single sequence and processed by a bidirectional Mamba scan,
enabling many-to-many SC-FC coupling across all regions. (b) Hierarchical fusion
(SSFuse-H): within-module Mamba scans are applied independently per brain net-
work, constraining local SC-FC coupling to biologically coherent groups; mean-pooled
module tokens are then integrated by a cross-module Mamba scan.

Xf ∈ RN×K contains per-node FC profiles. Similarly, a structural connectivity
graph Gs = (V s, As, Xs) is constructed from DTI, where As ∈ RN×N is derived
from fiber tractography and Xs ∈ RN×K contains per-node SC profiles. V f and
V s share the same N ROIs.

Graph Mamba (GM) Encoder Each graph is encoded independently us-
ing GM [22]. The core idea is to enrich each node’s representation with local
structural context before processing the node sequence with a Mamba selective
state-space model [9], so that the hidden state propagates both topology-aware
and task-relevant information along the scan.

Graph-augmented input: Given node features X ∈ RN×K and adjacency
matrix A, a linear projection first produces token embeddings H = XWin ∈
RN×M . For each node i, a one-hop neighborhood aggregate h̃i =

∑
j Aijhj is

computed, and the node input to the Mamba scan is formed by concatenation:
ui = [hi∥h̃i] ∈ R2M . This augmentation injects local structural context into every
position of the sequence before the SS model begins propagating information
globally. The Mamba block then processes U ∈ RN×2M sequentially: at each
position t,

ht = Ātht−1 + B̄tut, ot = Ctht, (1)

where Āt, B̄t, Ct are input-dependent selection matrices, with Āt = exp(∆tA)
and B̄t = ∆tBt as zero-order-hold discretizations. A linear projection maps the
output back to RM .

Topology-aware node ordering: The Mamba hidden state at position
t accumulates information from all preceding positions, so the order in which
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nodes are presented to the scan determines which neighborhood relationships
are captured implicitly through state propagation. We traverse the graphs from
the highest-degree node and evaluate four orderings: degree (hub nodes first,
maximizing early-state coverage), breadth-first search BFS (topologically proxi-
mal nodes consecutive, encouraging local neighborhood coherence in the hidden
state), depth-first search DFS (long structural paths preserved sequentially),
and spectral (nodes sorted by the Fiedler vector of the normalized Laplacian
L = I − D− 1

2AD− 1
2 , placing same-community nodes adjacently and aligning

the scan with the structure of the connectome). After encoding, the output is
inverse-permuted to restore the original node ordering. We find BFS optimal for
FC and degree ordering for SC, and use these throughout.

Modality-specific encoders: The above procedure is applied indepen-
dently to each modality, yielding Zf ∈ RN×M and Zs ∈ RN×M :

Zf = GM(Af , Xf ), Zs = GM(As, Xs). (2)

State-space many-to-many Fusion (SSFuse) To overcome one-to-one cou-
pling of corresponding brain regions, we reframe fusion of FC and SC as a sequen-
tial state accumulation problem. Given Zs and Zf , we construct an interleaved
sequence of length 2N by alternating structural and functional embeddings:

S =
[
zs1, z

f
1 , z

s
2, z

f
2 , . . . , z

s
N , zfN

]
∈ R2N×M . (3)

When the SS model processes zfi , its hidden state already encodes all preceding
structural nodes zs1, . . . , z

s
i through sequential state updates. Structural infor-

mation at position i propagates forward to influence all subsequent functional
positions i+1, . . . , N through the hidden state, realizing genuine many-to-many
coupling without explicitly enumerating O(N2) region pairs. A Mamba block
processes S via Eq. (1), producing O ∈ R2N×M . Fused embeddings are extracted
at functional positions as Zt = O[1::2] ∈ RN×M . The final unified embedding Zt

is then passed through a linear output projection.

Hierarchical Fusion Variant (GM-SSFuse-H) Flat fusion over all N nodes
does not exploit the modular organization of the brain and may conflate sig-
nals across functionally dissimilar regions. We introduce a GM-SSFuse-H that
operates at two levels.

Within-module fusion: for each module Mp of size np, a local interleaved
sequence Sp = [zsi , z

f
i ]i∈Mp

∈ R2np×M is processed by a shared within-module
Mamba block, producing local fused embeddings Z

(1)
p ∈ Rnp×M .

Cross-module integration: per-module embeddings are mean-pooled into
module-level tokens z̃p = 1

np

∑
i∈Mp

Z
(1)
p [i], forming Z̃ ∈ RP×M , which is prepended

to the flat interleaved sequence to form S+ = [z̃1, . . . , z̃P , z
s
1, z

f
1 , . . . , z

s
N , zfN ] ∈

R(2N+P )×M . A forward Mamba scan over S+ primes the hidden state with all
module-level context before processing any node pair; outputs at the prepended
positions are discarded. The final node-level representation is obtained via a
learned linear projection enabling inter-network interactions.



6 A. Niwarthana et al.

Output Layer and Loss The fused embedding Zt is processed by a readout
layer using the flattening method [24], followed by an output layer producing O:

O = Lin2

(
Dropout

(
ReLU

(
Lin1

(
Readout(Zt)

))))
(4)

For classification, a softmax follows Lin2. The loss function L is RMSE be-
tween predicted and true fluid cognition scores for the regression task, and cross-
entropy between predicted and true labels for all disease classification tasks.

Interaction Analysis Metrics To validate that SSM fusion captures dis-
tributed many-to-many coupling, we introduce three complementary metrics
derived from input-gradient attribution of learned coupling weights wij be-
tween structural region i and functional region j. (1) Interaction sparsity ρ =
1

N2

∑
i,j 1[|wij | > ϵ] measures the fraction of active region pairs, with higher

values indicating broader distributed coupling. (2) Interaction distance d̄ =
1

|A|
∑

(i,j)∈A dij is the mean graph hop distance over active pairs A, measur-
ing how far structural influences propagate. (3) Modularity index Q = |{(i, j) ∈
A : m(i) ̸= m(j)}|/|A| reflects the proportion of cross-module interactions, as-
sessing whether the model captures inter-network dependencies consistent with
known brain organisation.

Coupling weights are estimated via gradient attribution. For each subject, we
compute the gradient of the model output with respect to the fused structural
and functional embeddings Zs and Zf , and define the coupling weight between
structural region i and functional region j as wij = ∥∇zs

i
L∥2 · ∥∇zf

j
L∥2. Weights

are averaged across subjects, normalised to [0, 1] before computing ρ, d̄, and Q.

3 Experiments and Results

The framework was implemented in PyTorch 2.0.1 with the mamba_ssm library
(cuda 11.7) on an NVIDIA A100 GPU. The Adam optimizer was used for training
with learning rates of 2×10−3 for regression and 3–5×10−4 for classification, with
20 and 30 training epochs, respectively. We conducted 5-fold cross-validation over
10 runs and report mean and standard deviation. Overfitting was mitigated via
dropout (rate 0.5) after the readout layer and between fully connected layers,
and ℓ2 regularization (10−3) with early stopping.
Comparison with the state of the art: Table 1 compares GM-SSFuse and
GM-SSFuse-H against six baselines spanning CNN-based (BrainNetCNN [12]),
GCN-based (M-GCN, MV-GCN [6, 28]), transformer-based (GraphGPS [16]),
and multi-modal fusion approaches (Cross-GNN, MS-Inter-GCN [25, 24]). On
fluid cognition, GM-SSFuse-H achieves the highest Pearson r of .32±.02 and low-
est RMSE of 10.97±.69, outperforming the strongest baseline MS-Inter-GCN by
∆r=.03 and ∆RMSE=0.81. On disease classification, both variants consistently
outperform all baselines. GM-SSFuse-H leads on PPMI (.97±.03) and ADNI
(.91±.06), while GM-SSFuse leads on COBRE (.92±.05), suggesting that flat
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Table 1. Comparison of performances with existing methods on fluid cognition predic-
tion and disease classification: Pearson correlation (r), RMSE, accuracy, and sensitivity.

HCP PPMI ADNI COBRE

Method r↑ RMSE↓ Acc Sen Acc Sen Acc Sen

BrainNetCNN .25±.02 12.86±1.12 .80±.04 .82±.07 .81±.05 .80±.03 .79±.02 .78±.02
M-GCN .26±.02 12.63±.68 .90±.05 .91±.06 .81±.05 .80±.05 .82±.03 .80±.03
MV-GCN .27±.03 12.18±.86 .92±.06 .92±.05 .83±.04 .81±.06 .82±.03 .81±.06
GraphGPS .28±.01 12.25±.67 .93±.08 .93±.06 .85±.07 .84±.06 .84±.08 .84±.06
Cross-GNN .28±.02 11.95±.82 .94±.07 .94±.08 .89±.06 .86±.07 .85±.06 .84±.04
MS-Inter-GCN .31±.01 11.32±.77 .96±.06 .96±.07 .90±.07 .88±.05 .89±.06 .89±.05

GM-SSFuse .30±.02 11.53±.73 .97±.05 .97±.05 .90±.05 .92±.07 .92±.05 .90±.06
GM-SSFuse-H .32±.02 10.97±.69 .97±.03 .97±.03 .91±.06 .92±.06 .89±.05 .90±.02

Table 2. SC–FC interaction analysis. ρ: active region pair fraction (%); d̄: mean hop
distance; Q: cross-module interaction ratio (%). Diagonal baseline: ρ=0.9, d̄=0, Q=0.

HCP ADNI COBRE PPMI

Method ρ↑ d̄↑ Q↑ Pairs ρ↑ d̄↑ Q↑ Pairs ρ↑ d̄↑ Q↑ Pairs ρ↑ d̄↑ Q↑ Pairs

Attention 19.6 .96 84.8 2640 19.7 .96 84.8 2646 19.7 .95 84.8 2646 19.7 .96 84.9 2648
GM-SSFuse 43.1 .97 85.1 5800 42.8 .97 85.1 5762 46.2 .98 85.0 5814 43.0 .97 85.2 5788
GM-SSFuse-H 49.3 .98 85.5 6636 48.6 .98 85.5 6540 49.4 .97 85.4 6653 49.1 .98 85.5 6613

many-to-many fusion is particularly effective for schizophrenia where dyscon-
nectivity is globally distributed and does not respect module boundaries.
SC–FC interaction analysis. Table 2 quantifies the breadth and distribu-
tion of structural-functional coupling. The one-to-one diagonal baseline activates
only 116 pairs (ρ=0.9%, d̄=0, Q=0% by construction). Attention-based fusion
expands this to ρ≈19.7% but remains well below the proposed methods. GM-
SSFuse roughly doubles the active pair fraction (ρ>42%), and GM-SSFuse-H
further increases this to ρ≈49%, engaging over 6500 region pairs. The consis-
tently high cross-module ratios (Q≈85%) and mean hop distances (d̄≈0.97–0.98)
confirm that SSM-based fusion captures genuinely distributed, long-range inter-
network dependencies rather than reinforcing local homologous connections.
Ablation and qualitative analysis. Fig. 3 (top) ablates five fusion strategies.
Concat performs worst across all panels, confirming that element-wise combina-
tion of modality embeddings is insufficient. Cross-attention improves substan-
tially but remain below the proposed methods. Bidir-SSM applies bidirectional
scanning to a concatenated [Zs;Zf ] sequence without interleaving, and yields
mixed results relative to Cross-Attn, indicating that the alternating structural-
functional ordering in GM-SSFuse is a critical factor. GM-SSFuse consistently
surpasses Bidir-SSM, and GM-SSFuse-H achieves the best results on HCP and
PPMI and ADNI, confirming the benefit of biologically-informed modular fu-
sion. Fig. 3 (bottom) shows the most discriminative SC–FC coupling patterns
per task. Fluid cognition is dominated by frontal-parietal and default mode inter-
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Fig. 3. Top row: Ablation of fusion strategies across five evaluation panels: (a) HCP
Pearson r; (b) HCP RMSE (lower is better); (c–e) accuracy on PPMI, ADNI, COBRE.
Cross-Attn baseline computes dense N × N attention between SC and FC node em-
beddings.Stars mark the best variant per panel; error bars show ±1 std. Bottom row:
Top 0.5% discriminative SC–FC coupling interactions for (a) fluid cognition, (b) PD,
(c) AD, and (d) SZ. Ribbon width reflects coupling strength; arc size is proportional
to aggregate subnetwork weight.

actions, consistent with executive and memory demands. PD shows pronounced
subcortical-motor decoupling, while AD exhibits hippocampal-medial temporal
disruption. SZ is characterised by inter-network dysconnectivity spanning frontal
and subcortical systems, in line with the disconnection hypothesis and the ob-
served advantage of flat over hierarchical fusion on that dataset.

4 Conclusion

We presented GM-SSFuse, a framework for multimodal brain connectome anal-
ysis that replaces one-to-one SC–FC interaction modelling with many-to-many
coupling through sequential state accumulation in state-space models. By con-
structing an interleaved structural-functional sequence, each structural region
naturally influences all functional regions without explicitly enumerating region
pairs. A hierarchical variant further incorporates modular brain organisation to
constrain within-network fusion while enabling cross-network interactions. Ex-
periments across four datasets demonstrate consistent improvements over six
baselines on both cognitive prediction and disease classification. Quantitative
interaction analysis confirms that SSM-based fusion engages substantially more
region pairs at greater graph distances than attention-based alternatives, and
gradient-based interpretation recovers neuroanatomically meaningful coupling



Structure-Function Coupling via State-Space Models 9

patterns consistent with known disease mechanisms. These results establish se-
quential state-space models as an effective and interpretable architecture for
structure-function coupling in brain network analysis.
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