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Abstract
Functional brain interactions are studied non-invasively from
blood-oxygen-level-dependent (BOLD) signals using resting-
state functional magnetic resonance imaging (rs-fMRI).This
Functional brain-network analysis requires modeling both
long-range dependencies among regions of interest (ROIs) and
cluster-level organization among functionally related regions.
Existing graph neural networks are limited by local message
passing, while graph Transformers capture long-range inter-
actions but often ignores the community structures of ROIs.
Conversely, generic clustering or pooling methods introduce
cluster structure but they are not specilized for brain networks
where collapsing multiple ROIs into one representation, loses
region-specific information. To bridge this gap in brain net-
work analysis, we propose BrainRMA, an ROI-preserving
multiscale attention framework. BrainRMA models functional
brain graphs through two complementary views: a long-range
view that captures distributed ROI dependencies and a cluster-
aware view that represents ROI-to-cluster and cluster-level in-
teractions using training-derived functional clusters. The two
views are then fused at the ROI level, followed by DEC-based
pooling then graph classification. We evaluate our proposed
method on two publicly available datasets: ABIDE for Autism
Spectrum Disorder (ASD) classification and OSF for brain
age classification. Our model achieves remarkable accura-
cies of 82.35% (ABIDE) and 93.75% (OSF), surpassing cur-
rent state-of-the-art (SOTA) baselines by 3.35% (ABIDE) and
6.25% (OSF), respectively. We further demonstrate that Brain-
RMA captures meaningful ROI-to-cluster patterns across tem-
poral, frontal, parietal, default-mode, sensorimotor, subcorti-
cal, and cerebellar systems, supporting ROI-preserving mul-
tiscale attention as an effective and interpretable strategy for
functional brain graph classification. We will publicly release
the source code and trained models.

1 Introduction
Resting-state functional magnetic resonance imaging (rs-
fMRI) provides a non-invasive means of characterizing func-
tional interactions across the brain. By measuring blood-
oxygen-level-dependent (BOLD) signals from anatomically
defined regions of interest (ROIs), rs-fMRI enables the con-
struction of functional connectivity (FC) networks in which
nodes represent regions of brain and edges quantify statistical
dependencies between their activity patterns. These networks
provide a structured representation for studying neurological
and developmental differences. However, learning discrimi-
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Figure 1: Multiscale communication in BrainRMA. (a)
Long-range interactions capture dependencies between dis-
tant ROIs. (b) ROI-to-cluster attention introduces functional-
module context while preserving ROI-level representations.
(c) Cluster-level interactions summarize communication
among functional modules, connecting global ROI reasoning
with modular brain organization.

native representations from FC remains challenging because
brain connectivity is high dimensional, noisy, and distributed
across interacting regional and system-level organizations.

Graph neural networks (GNNs) (Kipf and Welling 2017;
Veličković et al. 2018) have substanially advanced FC anal-
ysis by explictly exploiting the relational structure of brain
networks. Brain-specific architectures can indentfy informa-
tive regions, learns task-dependent connectivity patterns, and
aggregate evidence over functional neighborhoods (Li et al.
2021; Kan et al. 2022b). Nevertheless, conventional message
passing remains inherently local. Information exchanged be-
tween distant fucntional systems must traverse several inter-
mediate ROIs, making long-range dependencies difficult to
preserve and increasing the risk of over-smoothing as the
network becomes deeper.

Graph Transformers provide an attractive alternative be-
cause self-attention allows direct interaction between arbi-
trary ROIs. BrainNetTF represents each ROI through its
whole-brain connectivity profile and learns global attention-
based representations (Kan et al. 2022b). More recently,
ALTER introduced correlation-biased random walks to con-
struct adaptive multi-hop structural encodings before global
self-attention (Yu et al. 2024). These developments demon-
strate that brain-graph classification benefits from capturing
dependencies beyong immediate functional neighbors.

However, unrestricted global interaction alone doesn’t



fully reflect the organization of functional brain networks.
A large body of network-neuroscience research shows that
the brain is organized into coherent functional systems rather
than as as undifferentiated collection of pairwise connec-
tions (Rubinov and Sporns 2010; Power et al. 2011). Densely
interacting regions form specialized modules that support
functional segregation, while selective inter-module connec-
tions and connector regions enable coordinated whole-brain
integration (Gallos, Makse, and Sigman 2012; Bertolero,
Yeo, and D’Esposito 2015). Thus, modularity and long-range
communication are complementary mechanisms.

This distinction is particularly relevant for clinical and
developmental analysis. Autism spectrum disorder (ASD)
has been associated with altered segregation and integra-
tion across large-scale functional systems, including changes
involving default-mode, sensory, and higher-order associa-
tion networks (Rudie et al. 2013; Yang et al. 2023). Brain-
network organization also changes throughout development,
progessing from relatively local connectivity patterns toward
more distributed and differentiated functional systems (Fair
et al. 2009; Richardson et al. 2018). These findings suggest
that discriminative information may appear simulataneously
in within-module organization and in interaction that span
multiple functional systems.

Existing learning architecture capture these scales par-
tially. Global Transformers provide global communication,
but typically process the brain as a flat sequence of to-
kens. Consequently, it must also infer both fine-grained lo-
cal dependencies and higher-order functional organization
from limited supervision. Community-aware models intro-
duce mesoscopic structure more explicitly, but commonly
rely on either predefined partitions or ROI-to-community
compression. Fixed communities may not match the func-
tional organization of a particular group, whereas merging
multiple ROIs removes local distinction precisely when sys-
tem level context is introduced (Bannadabhavi et al. 2023;
Yang et al. 2024).

Node-to-Cluster Attention (N2C-Attn) provides a promis-
ing mechanism for addressing this information loss by al-
lowing individual ROIs to interact with cluster-level repre-
sentations (Huang et al. 2024). However, applying a general
node-to-cluster operator raises three important questions: (i)
How can a common set of functional modules be estimated
consistently across subjects, (ii) How should modules of un-
equal reliability be weighted?, and (iii) How should modular
communication be coordinated with long-range interactions
that cross module boundaries? This leads to the central ques-
tion:

How can a brain-graph exploit group-level functional
modules while preserving individual ROI representa-
tions and retaining whole brain communication?

To address this question, we propose BrainRMA, a multiscale
framework that jointly models global ROI interactions and
fucntional module-aware communication through two com-
plementary paths. For each evaluation split, we construct a
group-level FC graph using only the training subjects, re-
tain its strongest connections, and partitions it into func-
tional modules using anatomical and data-driven clustering

methods, like METIS (Karypis and Kumar 1998), spectral
clustering (Ng, Jordan, and Weiss 2002), Louvain cluster-
ing (Blondel et al. 2008), Yeo-network grouping (Yeo et al.
2011), DMoN (Tsitsulin et al. 2023), etc. This provides a
shared group-level organization.

The module-aware pathway first refines interactions within
each module and then forms module representations. Each
ROI attends to these representations through kernelized
node-to-cluster attention, gaining system-level context. To
account for variations in partition quality, each module is
weighted by its internal-to-external connectivity ratio, while
a learnable residual gate regulates the overall moodule-aware
update. In parallel, the global pathway captures long range
ROI-to-ROI dependencies.
Key Contributions are as follows:
• We propose BrainRMA, a novel dual-pathway attention

framework that concurrently models global, long-range
ROI dependencies and the local functional modular com-
munication without compressing or over-smoothing indi-
vidual regional features.

• We introduce an interpretable ROI-to-cluster attention
mechanism, providing neuroscientifically aligned region-
cluster relationships.

• We evaluate BrainRMA on the ABIDE dataset for Autism
Spectrum Disorder (ASD) classification and the OSF
dataset for brain age prediction. Extensive experiments
show that our method achieves state-of-the-art accuracies
of 82.35% and 93.75%, surpassing current baselines by
absolute margins of 3.35% and 6.25%, respectively.

• We are making the source code and data splits publicly
available for the community to support further research.

2 Related Work
Resting-state functional connectivity exhibits a multiscale
organization in which specialized modules interact to support
whole-brain function. Accordingly, brain-graph methods can
be grouped by how they model local connectivity, global ROI
interactions, and community-level structure.
Message-Passing Models for Brain Graphs Graph neural
networks aggregate information from connectivity-defined
neighborhoods. GCN, GraphSAGE, and GAT use normal-
ized, learned, or attention-based neighborhood aggrega-
tion, respectively (Kipf and Welling 2017; Hamilton 2017;
Veličković et al. 2018). Brain-specific models further in-
troduce connectome filters, ROI-selection pooling, graph-
design strategies, and task-adaptive connectivity learn-
ing (Kawahara et al. 2017; Li et al. 2021; Cui et al. 2022;
Kan et al. 2022a). Although effective for local patterns, dis-
tant functional interactions require repeated propagation in
these methods, while modular structure is generally used
only during graph-level pooling.
Global Interaction in Brain Transformers Graph Trans-
formers directly model distant node interactions using posi-
tional, spectral, shortest-path, or hybrid local–global struc-
tural biases (Dwivedi and Bresson 2020; Kreuzer et al.
2021; Ying et al. 2021; Wu et al. 2021). BrainNetTF, GBT,
and ALTER adapt this principle to connectomes through



Figure 2: Overview of the proposed framework. (a) A subject-specific brain graph is constructed from Pearson functional
connectivity, with each ROI represented by its connectivity row and positional encoding (PoE) profile. (b) A position-aware
long-range graph encoder produces ROI-aligned global representations HG. (c) The cluster aware branch partitions the training-
derived graph into functional modules, refines ROI features through intra-cluster and bidirectional ROI–cluster attention, and
restores the original ROI order using a quality-weighted residual update. (d) Residual Fusion combines the global and cluster-
aware ROI representations to obtain H1. (e) DEC-inspired pooling assigns ROI tokens to learned centers and produces a
graph-level representation for subject-level classification.

whole-brain ROI profiles, representation regularization, and
correlation-biased multi-hop signatures (Kan et al. 2022b;
Peng et al. 2024; Yu et al. 2024). These methods capture
distributed dependencies but generally operate on flat ROI
sequences, requiring functional modules to be learned im-
plicitly from subject-level supervision.

Community-Aware and Hierarchical Models
Community-aware methods introduce intermediate
functional structure using fixed graph partitions or learned
assignments. TC-BrainTF, for example, learns community
representations through prompt-based centroids and deep
embedded clustering (Yang et al. 2024; Xie, Girshick,
and Farhadi 2016). However, fixed communities may
poorly reflect group-specific organization, whereas learned
community tokens can compress distinct ROI information.
Node-to-Cluster Attention preserves node representations
while incorporating cluster-level context through multi-
plicative or learnable linear combinations of node- and
cluster-level kernels (Huang et al. 2024). Nevertheless, its
general formulation does not define how functional modules

should be derived from multi-subject connectivity, weighted
by structural reliability, or combined with unrestricted
global reasoning.

Our framework addresses these aspects through training-
derived functional modules, reliability-aware node-to-cluster
attention, and a parallel long range dependency pathway.
The two ROI-aligned representations are integrated through
learnable residual fusion, enabling modular and global inter-
actions to complement each other without collapsing regional
information.

3 Methodology
Preliminaries For each subject s, let B(s) ∈ RN×Ts de-
note the preprocessed resting-state fMRI time series, where
N is the number of ROIs and Ts is the number of time
points. Functional connectivity between ROIs i and j is com-
puted using Pearson correlation, C(s)

ij = corr(b
(s)
i ,b

(s)
j ).

The resulting matrix C(s) ∈ RN×N represents the subject-
specific functional network. In our implementation, the Pear-



son functional-connectivity matrix is used both as the node
feature matrix X(s) and as the graph adjacency A(s):

X(s) = C(s), A(s) = C(s). (1)

Thus, each ROI is represented by its whole-brain connectivity
profile, and ROI-to-ROI edges are given by the same subject-
specific functional-connectivity matrix. The initial ROI token
is formed by concatenating this connectivity feature with the
random-walk relative positional encoding:

Z(s,0) = [X(s)∥P(s)] ∈ RN×(N+d). (2)

Each ROI is represented by its whole-brain connectiv-
ity profile. Therefore, the node feature matrix is defined as
X(s) = C(s). To introduce structural information, the con-
nectivity features are combined with random-walk relative
positional encodings. Let P(s) ∈ RN×d denote the posi-
tional encoding. The initial ROI representation is

Z(s,0) =
[
X(s)∥P(s)

]
∈ RN×dh , dh = N + d, (3)

where ∥ denotes feature-wise concatenation. The model
uses a long-range graph encoder to capture distributed ROI
interactions and a node-to-cluster mechanism to introduce
functional-module information.

Problem Formulation A subject-specific functional brain
graph is represented as G(s) = (V, E(s),X(s),A(s)), where
V = {vi}Ni=1 is the set of ROIs, E(s) is the subject-specific
edge set, X(s) is the ROI feature matrix, and A(s) is the
functional-connectivity adjacency matrix. Given a dataset
D = {(G(s), y(s))}Ls=1, the objective is to learn a graph
representation z

(s)
G and a classifier fθ such that

ŷ(s) = fθ

(
z
(s)
G

)
. (4)

The proposed framework learns this representation by
jointly modeling global ROI interactions and functional-
module organization.

Long range and Cluster Representation Learning For
each evaluation split, a common ROI partition is con-
structed using only the training subjects T . The group-level
functional-connectivity matrix is computed as

Gij =
1

|T |
∑
s∈T

∣∣∣C(s)
ij

∣∣∣ , Gii = 0. (5)

The correlations allow strong positive and negative func-
tional associations to contribute to the group graph. Each
ROI retains its ktop strongest connections, producing a sparse
group topology. The ROIs are then clustered into approxi-
mately balanced functional modules while reducing cross-
module connections. Given a target average patch size p,
where p denotes the desired average number of ROIs in-
side one functional module/cluster, the number of functional
modules is set to K = ⌈N/p⌉, where N is the number of
ROIs. The resulting partition C = {C1, . . . , CK} is fixed for
validation and testing to avoid information leakage.

The initial ROI features are processed through two com-
plementary pathways. The long range pathway captures dis-
tributed interactions among all ROIs:

HG = fglobal
(
Z0,A

)
∈ RN×dh . (6)

The clustering pathway captures structured interactions
within and across functional groups. For each cluster Ck,
the corresponding ROI features are processed by a shared
intra-ROI Transformer, written as Z̃k = Encintra(Z

0
k). The

representation of ROI k is obtained by averaging its refined
ROI features:

rk =
1

|Ck|
∑
i∈Ck

z̃i. (7)

The ROI representations are stacked as Rc =
[r1, . . . , rK ]⊤.We use two node-to-cluster attention kernels.
The first is the linear kernel variant, denoted BrainRMA-L,
which uses a positive feature map to compute ROI-to-cluster
attention efficiently. The second is the dot-product kernel
variant, denoted BrainRMA-S, which uses softmax attention
between each ROI token and the cluster representations. Both
variants preserve ROI-level tokens and use clusters only as
contextual modules. For the linear attention variant, the posi-
tive kernel is ϕ(x) = ELU(x)+1, ϵ acting as normalization
factor and the node-to-cluster context is

CL =
ϕ(Z̃)

[
ϕ(Rc)

⊤Rc

]
ϕ(Z̃) [ϕ(Rc)⊤1K ] + ϵ

. (8)

For the dot-product variant, the attention coefficient is
defined as aik = softmaxk(z̃

⊤
i rk/

√
dh), and the context of

ROI i is ci =
∑K

k=1 aikrk.
For either variant, the cluster context is integrated with the

refined ROI representation as

ui = z̃i +ReLU ([z̃i∥ci]Wc + bc) . (9)
After ROI-to-cluster interaction, the updated ROI tokens are
restored to the original atlas ROI order, as shown in Fig. 2.
This is done using the cluster membership map. If ROI i
belongs to cluster Ck, its updated representation ui is writ-
ten back to the i-th position of the output tensor HN

i = ui

where i = 1, . . . , N. This index-based reverse projec-
tion does not pool, average, or merge ROIs. Instead, it restores
each cluster-processed token to its original brain-region in-
dex. From a neurobiological perspective, this is important
because each ROI corresponds to a specific anatomical or
functional brain region. Therefore, the model can use func-
tional modules as contextual brain systems while still pre-
serving region-specific information for each ROI. Unlike
conventional graph-pooling or cluster-coarsening methods
that collapse multiple ROIs into a single module token, our
reverse projection keeps every ROI anatomically traceable.
This keeps the node-to-cluster branch output ROI-aligned
with the global branch, enabling ROI-wise fusion and in-
terpretation at both individual brain-region and functional-
module levels.

The reliability of each cluster is estimated using the ratio
between its mean internal and external connectivity. Let Ik



Table 1: Performance comparison of the proposed method with recent learnable-network and graph-transformer baselines on
ABIDE and OSF using the Craddock-200 (Craddock et al. 2013) and AAL (Tzourio-Mazoyer et al. 2002) atlases, respectively.
The superscript # denotes the corresponding BrainCKT-enhanced variant (Meng et al. 2026), which is the current SOTA. Bold
ones are the best and the underlined ones are the second best metrics.

Model Type Method Venue ABIDE OSF
ACC AUC SEN SPE ACC AUC SEN SPE

Learnable Network

GCN (Kipf and Welling 2017) ICLR 2017 58.39 61.45 41.43 76.12 75.00 76.00 28.57 88.00
GraphSAGE (Hamilton 2017) NeurIPS 2017 60.58 65.03 65.71 55.22 78.12 80.57 71.43 80.00
GAT (Veličković et al. 2018) ICLR 2018 59.12 60.83 65.71 52.24 62.50 81.14 85.71 56.00
BrainGNN (Li et al. 2021) MedIA 2021 59.40 62.40 36.70 70.70 45.22 51.79 55.10 44.35
BrainGB (Cui et al. 2022) IEEE TMI 2023 63.64 69.71 64.05 61.31 46.70 49.38 52.71 49.32
BrainNetCNN (Kawahara et al. 2017) NeuroImage 2017 67.80 74.98 64.32 71.04 46.70 49.38 52.71 49.32
FBNETGNN (Kan et al. 2022a) MIDL 2022 68.01 75.67 65.71 62.94 46.70 49.38 52.71 49.32

Graph Transformer

SAN (Kreuzer et al. 2021) NeurIPS 2021 65.30 71.30 55.40 68.30 87.50 89.71 71.43 92.00
VanillaTF (Vaswani et al. 2017) NeurIPS 2017 65.20 76.40 66.40 71.10 68.75 84.57 85.70 64.00
Graphormer (Ying et al. 2021) NeurIPS 2021 60.84 63.57 78.72 36.72 55.00 58.88 43.33 52.51
TC-BrainTF (Yang et al. 2024) arXiv 2024 69.70 77.71 69.12 70.15 61.11 62.08 45.34 67.85
BrainNETTF (Kan et al. 2022b) NeurIPS 2022 71.00 80.02 72.50 69.30 60.00 62.59 66.67 55.56
Com-BrainTF (Bannadabhavi et al. 2023) MICCAI 2023 79.60 72.50 80.10 65.70 63.33 75.00 71.80 68.13
ALTER (Yu et al. 2024) NeurIPS 2024 77.00 82.80 77.40 76.60 66.67 74.55 81.80 55.15
BrainCKT+BrainNETTF # AAAI 2026 75.00 81.25 76.60 73.59 62.21 68.52 44.44 83.33
BrainCKT+Com-BrainTF # AAAI 2026 78.00 83.11 81.81 73.33 62.79 76.55 75.32 67.78
BrainCKT+ALTER # AAAI 2026 79.00 83.87 78.51 78.31 73.33 81.48 62.50 60.00
BrainRMA-S (Softmax Kernel Attn.) 81.02 83.24 80.00 82.09 93.75 90.29 85.71 96.00Ours BrainRMA-L (Linear Kernel Attn.) 82.35 85.36 82.61 82.09 93.75 90.86 85.71 96.00

and Ek denote these quantities. The quality score is defined
as sk = Ik/(Ek + ϵq) and is normalized across modules to
obtain qk.Here, qk denotes the normalized reliability score
of cluster Ck. Larger qk indicates that the ROIs inside the
cluster have stronger within-cluster connectivity relative to
their external connectivity, and therefore the cluster Ck is
more functionally coherent.

Let κ(i) denote the cluster containing ROI i, and let
g = σ(ℓg) be a learnable global gate. The cluster-aware
representation is

hM
i = z̃i + gqκ(i) (ui − z̃i) . (10)

The quality coefficient reduces the influence of weak clus-
ters, while the learnable gate controls the overall contribution
of module information.
Fusion and Graph Prediction The global and cluster
representations preserve the same ROI ordering and have
shape HG,HM ∈ RN×dh . They are concatenated as
Hcat = [HG∥HM ]. A nonlinear correction is computed
as ∆H = Dropout(LeakyReLU(HcatWf +bf )), and the
fused representation is

HF = HG +∆H. (11)
The global representation acts as the residual reference,

while the learned correction introduces complementary
cluster-aware information.

The fused ROI representations are summarized us-
ing center-assignment pooling. For ROI i and pool-
ing center µm, the assignment score is spoolim =

(hF
i
⊤
µm)2/∥µm∥22, and the normalized assignment is

πim = exp(spoolim )/
∑M

r=1 exp(s
pool
ir ). The pooled compo-

nent associated with center m is

pm =

∑N
i=1 πimhF

i∑N
i=1 πim

. (12)

The pooled components are stacked into Hpool, projected
as R = LeakyReLU(HpoolWr + br), and flattened to ob-
tain zG = vec(R). The final prediction is ŷ = MLP(zG).

The model is optimized using cross-entropy loss:

Lcls = − 1

|B|
∑
s∈B

C∑
c=1

ysc log
(
softmax

(
ŷ(s)

)
c

)
. (13)

4 Experiments
Experimental Settings
Datasets We evaluate the proposed model on two well-
known public brain-network analysis datasets of differ-
ent scales: the Autism Brain Imaging Data Exchange
(ABIDE) (Di Martino et al. 2014) and the Theory-of-Mind
task dataset available through the Open Science Framework
(OSF) (Richardson et al. 2018). Brain regions are defined
using the Craddock atlas for ABIDE (Craddock et al. 2013)
and the AAL atlas for OSF (Tzourio-Mazoyer et al. 2002).
The dataset descriptions are provided in supplementary.

Implementation Details All experiments were imple-
mented in PyTorch on a single NVIDIA RTX A4000 GPU.
We used the Craddock-200 atlas for ABIDE and the 116-
region AAL atlas for OSF. Subjects were stratified into train-
ing, validation, and test sets in a 70:10:20 ratio following
the work (Meng et al. 2026). The group-level functional
connectivity graph was constructed using only the training



Figure 3: Analysis of group-specific Multiscale attention. The left block (a–f) shows ROI-level attention differences, source-
cluster-aggregated ROI-to-target-cluster differences, and the corresponding FC clustering topology for ABIDE and OSF. The
right block (a-b) provides the detailed ROI-to-cluster analysis, including the 20 ROIs with the largest mean absolute differences,
the 10 most differing ROIs, and the mean signed attention difference across target Node to cluster modules. Differences are
computed as ASD−Control for ABIDE and Adult−Child for OSF. Red denotes greater attention in ASD or adults, whereas
Blue denotes greater attention in controls or children.

Table 2: Alternate-atlas evaluation on ABIDE and OSF. Best
results for each dataset are shown in bold.

Dataset Method ACC(%) ↑ AUC(%) ↑ SEN(%) ↑ SPE(%) ↑

ABIDE (AAL)
ALTER 61.07 67.55 63.24 58.73
BrainRMA-S 61.07 67.04 64.71 57.14
BrainRMA-L 61.83 68.51 57.35 66.67

OSF (Craddock)
ALTER 87.50 88.00 85.71 88.00
BrainRMA-S 84.38 89.14 71.43 88.00
BrainRMA-L 90.63 87.43 71.43 96.00

subjects. ROI partitions were then generated using the cor-
responding clustering strategy and fixed for validation and
testing. Where applicable, the number of clusters was deter-
mined as K = ⌈N/p⌉, where N is the total number of ROIs
and p is the target patch size. The model uses four atten-
tion heads and was trained for 200 epochs using Adam with
a cosine learning-rate scheduler, a learning rate and weight
decay of 10−4, and batch size 64. We release source code
(See Supplementary) for complementing the implementation
details.

Evaluation Metrics We report accuracy (ACC), area un-
der the ROC curve (AUC), sensitivity (SEN) or true positive
rate, and specificity (SPE) or true negative rate.

5 Results and Discussion
Comparison with SOTA Baselines
Table 1 compares BrainRMA with recent learnable-network
and graph-transformer baselines. On ABIDE, BrainRMA
with Linear Kernel Attention (BrainRMA-L) achieves the
best results across all metrics, reaching 82.35% ACC and
85.36% AUC. On OSF, both variants attain 93.75% ACC,
while BrainRMA-L achieves the highest AUC of 90.86% and
specificity of 96.00%. Compared with the strongest baseline,

BrainRMA-L improves ACC by 3.35 percentage points on
ABIDE and 6.25 points on OSF, demonstrating the effec-
tiveness of jointly modeling global ROI dependencies and
ROI–cluster interactions, and achieving a new SOTA.

Multiscale ROI–Cluster Interpretability

BrainRMA provides interpretation at 3 complementary
scales: ROI-level attention, ROI-to-cluster interactions, and
cluster-level organization. Group-wise attention differences
are computed as ASD−Control for ABIDE and Adult−Child
for OSF. In Figure 3, the left block (a)–(f) presents ROI-level
differences, inter-cluster attention, and functional-module
topology, while the right block (a)–(b) highlights the top
20 most discriminative ROIs, the top 10 ranked regions, and
their signed attention differences across Node to cluster atten-
tions. For ABIDE, the most discriminative ROIs identified by
BrainRMA span temporal, frontal, parietal, visual-sensory,
and default-mode systems which are associated with social
cognition, sensory integration, and theory-of-mind process-
ing as reported in neurobiology literature (Di Martino et al.
2009; Shih et al. 2011; Koldewyn, Whitney, and Rivera 2011;
Marco et al. 2011; Padmanabhan et al. 2017; Wang et al.
2021). For OSF, the prominent attention differences iden-
tified by BrainRMA are in the temporal, inferior frontal,
paracentral, cerebellar, and vermal regions which are linked
to developmental changes from child to adult in social rea-
soning and cognitive control (Rubia et al. 2007; Stoodley and
Schmahmann 2010; Ross and Olson 2010; Richardson et al.
2018). Overall, the analysis shows that BrainRMA predic-
tions arise from distributed ROI–cluster interactions rather
than isolated regions, and are well aligned with neurological
findings. Note that these patterns are model-derived associ-
ations, not causal biomarkers.



Figure 4: Effect of patch size and Top-K on ACC and
AUC. Panels (a,c) vary Top-K with p = 16, while (b,d)
vary patch size with Top-K = 6. Panels (a,b) show ABIDE
and (c,d) show OSF. Solid/dashed lines denote ACC/AUC,
and circles/squares denote BrainRMA-L/BrainRMA-S.

Ablation Studies
Benefit of Multiscale The long-range-only (global) model
achieves 75.18% and 90.63% accuracy on ABIDE and
OSF, respectively, while the cluster-aware-only (local) model
achieves 63.50% and 81.25%, showing the benefit of multi-
scale attention.

Atlas Selection To assess robustness to brain parcellation,
we evaluate the proposed variants using the AAL atlas for
ABIDE and the Craddock atlas for OSF. Since the imple-
mentation of BrainCKT is not publicly available, we use
ALTER as the closest reproducible and competitive base-
line. As shown in Table 2, both BrainRMA variants remain
competitive under the alternate-atlas settings. BrainRMA-
L performs best in overall accuracy, whereas BrainRMA-S
provides stronger sensitivity on ABIDE and AUC on OSF,
suggesting that the preferred attention formulation may de-
pend on the dataset and atlas granularity.

Patch Size and Top-K We study the effect of functional-
module granularity and group-graph sparsity by varying the
patch size over {8, 10, 12, 14, 16, 18, 20} and Top-K over
{3, 4, 6, 9, 12, 14}. Patch size controls the approximate num-
ber of ROIs per module, whereas Top-K determines the spar-
sity of the training-derived functional-connectivity graph.

Figure 4 summarizes the ACC and AUC trends by varying
one parameter while fixing the other. On ABIDE, BrainRMA
reaches its strongest AUC at (20, 3), while BrainRMA-S per-
forms best around (8, 6). On OSF, both variants remain com-
paratively stable, with their strongest configurations obtained
near (16, 3) for BrainRMA-L and (8, 9) for BrainRMA-S.
Overall, the preferred partition depends on both the dataset
and attention formulation, with ABIDE showing greater sen-
sitivity than OSF. Complete grid results, including sensitivity
and specificity, are provided in supplementary.

Clustering Method We evaluate ROI partitioning using
METIS (Karypis and Kumar 1998), K-means (Lloyd 1982),
spectral clustering (Ng, Jordan, and Weiss 2002), and Lou-

Table 3: Clustering ablation on ABIDE and OSF. METIS,
K-m., Spec., Louv., Anat., Yeo, DMoN, and MinCut denote
METIS, K-means, spectral clustering, Louvain clustering,
anatomical grouping, Yeo-network grouping, DMoN, and
MinCut pooling, respectively. S and L denote BrainRMA-
S and BrainRMA-L. Bold indicates the best result for each
dataset, attention variant, and metric.

Dataset Attn. Metric Heuristic Biological Learnable

METIS K-m. Spec. Louv. Anat. Yeo DMoN MinCut

ABIDE

S

ACC 67.15 74.45 67.88 67.88 73.72 72.26 72.26 67.88
AUC 76.65 81.86 81.24 79.64 81.94 79.70 78.98 79.32
SEN 44.29 62.86 47.14 85.71 68.57 80.00 71.43 55.71
SPE 91.04 86.57 89.55 49.25 79.10 64.18 73.13 80.60

L

ACC 82.35 75.91 73.72 67.88 71.53 67.15 67.88 77.37
AUC 85.36 83.20 83.71 79.72 79.74 78.57 79.94 82.69
SEN 82.61 70.00 62.86 50.00 67.14 52.86 47.14 77.14
SPE 82.09 82.09 85.07 86.57 76.12 82.09 89.55 77.61

OSF

S

ACC 93.75 90.63 90.63 87.50 93.75 87.50 90.63 90.63
AUC 88.00 90.86 89.14 88.57 89.14 88.57 90.86 87.43
SEN 85.71 85.71 85.71 71.43 85.71 71.43 85.71 85.71
SPE 96.00 92.00 92.00 92.00 96.00 92.00 92.00 92.00

L

ACC 84.37 84.38 78.12 90.62 71.88 87.50 87.50 87.50
AUC 84.57 89.71 86.86 90.29 82.86 90.29 89.71 92.00
SEN 71.42 71.43 85.71 85.71 85.71 71.43 85.71 85.71
SPE 88.00 88.00 76.00 92.00 68.00 92.00 88.00 88.00

vain community detection (Blondel et al. 2008). We also
compare atlas-based anatomical grouping (Tzourio-Mazoyer
et al. 2002), Yeo functional-network grouping (Yeo et al.
2011), and the learnable DMoN (Tsitsulin et al. 2023) and
MinCut (Bianchi, Grattarola, and Alippi 2020) methods. The
remaining architecture is fixed, and all data-driven parti-
tions are constructed using only the training subjects. Table 3
shows that both BrainRMA variants are affected by the ROI
partition. On ABIDE, METIS is strongest for BrainRMA-L,
whereas K-means and anatomical grouping perform best for
BrainRMA-S in accuracy and AUC, respectively. On OSF,
several strategies remain competitive: METIS and anatomi-
cal grouping are strongest for BrainRMA-S, while MinCut
provides the best AUC for BrainRMA-L. Overall, ABIDE
is more sensitive to partition choice, whereas OSF is more
robust across clustering strategies.

6 Conclusion

We introduce BrainRMA, an ROI-preserving framework that
jointly models long-range ROI interactions, ROI-to-cluster
communication, and cluster-level organization to provide a
comprehensive view of the brain communication. By restor-
ing cluster-updated features to their original ROI indices,
BrainRMA combines these complementary views without
losing region-specific information, supporting both predic-
tion and multiscale interpretation. Future work will examine
larger multi-site and longitudinal datasets, additional brain
atlases, multimodal imaging, and stronger neurobiological
validation of the learned attention patterns.
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Figure S1: Exploratory analysis of functional-connectivity features on ABIDE and OSF. Panels (a) and (b) show group-specific
ROI-strength covariance patterns. Panels (c) and (d) show PCA projections, and panels (e) and (f) show t-SNE projections
of the functional-connectivity features. ABIDE shows stronger ASD–Control overlap, indicating a more challenging disease-
classification setting, whereas OSF shows clearer Adult–Child separation, suggesting stronger developmental structure in the
feature space.
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Figure S2: Patch-size and Top-K ablation analysis for BrainRMA-L on ABIDE. Each heatmap reports accuracy, AUC, sensitivity,
and specificity across different functional-cluster granularities and graph-sparsity levels. Patch size controls the target average
number of ROIs assigned to each functional cluster, while Top-K controls the number of strongest functional-connectivity
neighbours retained per ROI before clustering. The results show that performance is sensitive to both cluster granularity and
graph sparsity.
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Figure S3: Patch-size and Top-K ablation analysis for BrainRMA-L on OSF. The heatmaps report accuracy, AUC, sensitivity,
and specificity across different functional-cluster granularities and graph-sparsity levels. Strong performance across several
settings suggests that the linear node-to-cluster variant captures stable developmental functional-connectivity patterns when the
clusters provide meaningful module-level context.
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Figure S4: Patch-size and Top-K ablation analysis for BrainRMA-S on ABIDE. BrainRMA-S employs softmax-based dot-
product node-to-cluster attention. The heatmaps report accuracy, AUC, sensitivity, and specificity across different patch-size
and Top-K combinations. The results highlight the importance of selecting cluster settings that preserve disease-relevant ROI-
level and module-level information.
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Figure S5: Patch-size and Top-K ablation analysis for BrainRMA-S on OSF. The heatmaps summarize accuracy, AUC,
sensitivity, and specificity across different functional-cluster granularities and graph-sparsity levels. Compared with ABIDE,
OSF shows more stable performance across many patch-size and Top-K combinations, suggesting more separable developmental
functional-connectivity differences.

Additional Experimental Analysis

Figure S1 provides an exploratory comparison of the
functional-connectivity feature spaces for ABIDE and OSF.
The ROI-strength covariance maps show that ABIDE has
highly similar global covariance structures for ASD and con-
trol subjects, suggesting that the diagnostic differences are
subtle and distributed across multiple ROI interactions. This
is also reflected in the PCA and t-SNE projections, where
ASD and control samples substantially overlap. ABIDE
therefore represents a more challenging classification set-
ting in which the model must learn weak but coordinated
connectivity patterns across multiple brain systems.

In contrast, OSF shows clearer differences between child
and adult subjects. Its ROI-strength covariance maps reveal
more visible group-level variation, while the PCA and t-
SNE projections show stronger separation between the two
age groups. This suggests that developmental differences are
more strongly expressed in the OSF functional-connectivity
feature space than the ASD–Control differences in ABIDE.
These observations help explain the comparatively stronger

classification performance obtained on OSF.
Figures S2–S5 present the complete patch-size and Top-

K ablation results for BrainRMA-L and BrainRMA-S on
ABIDE and OSF. Patch size determines the target aver-
age number of ROIs in each functional cluster, whereas
Top-K determines the sparsity of the group-level functional
graph used for clustering. Moderate settings generally pro-
vide stronger performance, suggesting that overly small clus-
ters may fragment functional systems, while overly large
clusters may merge distinct ROI-level information. These
findings support preserving ROI-level representations while
incorporating cluster-level functional context.

B Implementation Details
The implementation is provided in code.zip. The released
code implements BrainRMA for functional brain graph clas-
sification on ABIDE and OSF. Each subject is represented
as a graph whose nodes are atlas-defined ROIs, and each
ROI feature is derived from its whole-brain functional-
connectivity profile. The code constructs training-derived



FC-METIS clusters, applies the long-range ROI interaction
branch and the ROI-preserving node-to-cluster branch, fuses
the two ROI-aligned representations, and performs subject-
level classification using the graph readout module.

The main hyperparameters used in the experiments are
the patch size p, Top-K sparsification value ktop, hidden
dimension, number of attention heads, dropout rate, batch
size, learning rate, weight decay, number of epochs, and
residual gate initialization. In the reported setting, the model
uses FC-METIS clustering with patch size p = 16 and
Top-K = 8. The model is trained using the Adam opti-
mizer with cross-entropy loss for supervised classification.
The provided scripts also support running BrainRMA-L and
BrainRMA-S separately, where BrainRMA-L uses the linear
node-to-cluster attention variant and BrainRMA-S uses the
softmax/dot-product node-to-cluster attention variant.

All dataset splits are loaded from fixed train/valida-
tion/test split files. For each split, the group-level functional-
connectivity graph and ROI clusters are constructed only
from the training subjects and then kept fixed for validation
and testing. This avoids using validation or test information
during cluster construction.


