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Abstract. Resting-state functional MRI (rs-fMRI) provides crucial in-
sights into dynamic brain network mechanisms underlying psychiatric
disorders. While deep learning methods have advanced rs-fMRI-based
disease recognition and dynamic brain network modeling, existing ap-
proaches are often limited by two key assumptions: (1) fixed sub-
network partitioning, where predefined functional templates or par-
tition rules impose a fixed region–subnetwork mapping that, although
interpretable, restricts the discovery of complex coordination patterns;
and (2) synchronization assumption, where inter-subnetwork inter-
actions are modeled as strictly time-aligned, overlooking physiologically
plausible delays and weakening diagnostic signals. To address these lim-
itations, we propose BrainACU, an asynchronous coordination unit
modeling framework for dynamic brain network analysis. BrainACU re-
moves fixed partitioning by learning coordination units (CUs) directly
from data, capturing both synchronous and asynchronous coordination.
Using conventional sliding windows, we segment BOLD sequences into
temporally consistent patches for subsequent CU learning and interaction
modeling. BrainACU then learns stable ROI-to-CU mappings via data-
driven clustering with cross-sample consensus, and projects variable-size
CU signals into a unified latent space for dimensional alignment. Fi-
nally, an asynchronous interaction module models both time-aligned and
time-lagged unit-level dependencies to form dynamic brain network rep-
resentations. Experiments on ASD, MDD, and BD demonstrate that
BrainACU outperforms existing methods and provides more discrim-
inative and interpretable dynamic brain network evidence. Our code:
https://github.com/guoguiliang111/BrainACU.

G. Guo and L. Li contributed equally to this work.
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1 Introduction

Resting-state functional MRI (rs-fMRI) has become a key non-invasive approach
for mechanistic studies and computer-aided diagnosis of psychiatric disorders
(e.g., ASD, MDD, and BD) [2, 7]. Increasing evidence suggests that these disor-
ders are better explained by disrupted, time-varying coordination among func-
tional networks rather than isolated regional abnormalities, motivating func-
tional connectivity (FC) analysis and dynamic brain network modeling [23, 5].
Despite recent advances of CNN-, graph neural network-, and Transformer-based
methods for functional connectivity analysis and dynamic modeling [11, 14, 24,
31, 9, 13], existing approaches remain constrained by two major limitations: (1)
Fixed subnetwork partitioning. Many methods rely on predefined functional
templates or fixed partition rules to establish an ROI–subnetwork correspon-
dence [30, 17].This strong structural prior may obscure atypical cross-template
coordination and restrict the discovery of non-canonical, disease-relevant coor-
dination groupings, especially in multi-disorder settings (e.g., ASD, MDD, and
BD) where different pathologies can induce distinct organizational patterns [21,
27]. (2) Synchronization assumption. Inter-subnetwork interactions are of-
ten operationalized using zero-lag dependence measures under strict temporal
alignment, implicitly assuming that coordination occurs synchronously [15, 18].
This neglects physiologically plausible temporal lags and asynchronous coupling
in real neural systems, causing delayed-propagation disease signals to be weak-
ened into noise or misaligned correlations, and causing interpretability to overem-
phasize zero-lag (time-aligned) interactions while underestimating delayed cou-
plings [20, 19].

To address these limitations, we propose BrainACU, an asynchronous coor-
dination unit framework for dynamic brain network analysis. BrainACU learns
data-driven Coordination Units (CUs) from ROIs and models both time-aligned
and time-lagged cross-CU interactions within a unified attention-based archi-
tecture, shifting from fixed templates to data-driven organization and relaxing
strict synchrony assumptions. Specifically, given a subject’s BOLD sequence,
we use a standard fixed-length sliding window to form temporally normalized
patches, yielding consistently indexed temporal segments that provide a unified
reference for modeling time-aligned and time-lagged CU interactions. Based on
these patches, we learn a stable assignment of ROIs to CUs via per-subject
ROI clustering followed by cross-subject consensus aggregation, and project CU-
specific signals of varying sizes into a shared latent space to obtain dimension-
aligned unit representations. An asynchronous interaction module then models
both time-aligned and time-lagged cross-CU dependencies via directed atten-
tion, producing a discriminative dynamic coordination representation, while Llag
suppresses near-diagonal (zero-lag) attention to encourage delayed coupling and
Ldiv discourages CU embedding similarity to avoid collapse and promote com-
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plementary coordination patterns. Experiments on multi-disorder settings show
consistent gains, e.g., 76.8/77.9 (ACC/AUC) on HC vs. MDD, 78.6/77.9 on HC
vs. BD, and 72.3/74.1 on HC vs. ASD (NYU), with ablations and delay-statistics
analyses confirming the benefit of asynchronous coordination modeling. Our con-
tributions are summarized as follows:

1. We propose BrainACU, a dynamic brain network analysis framework that
learns data-driven Coordination Units (CUs), reducing reliance on fixed sub-
network partitioning and providing a more flexible basis for characterizing
disease-relevant coordination beyond canonical templates and zero-lag syn-
chrony.

2. We unify synchronous and asynchronous coordination modeling at the CU
level, explicitly capturing time-shifted dependencies to avoid zero-lag syn-
chronization bias and to improve interpretability.

3. Extensive experiments on ASD, MDD, and BD demonstrate that BrainACU
achieves consistent gains over representative baselines, while ablation stud-
ies verify the necessity of CU discovery, latent alignment, and asynchronous
interaction; moreover, lag-step statistics reveals disease-related delayed co-
ordination patterns, providing mechanistically meaningful interpretability.

2 Method

Overview. We propose BrainACU, an asynchronous coordination unit (CU)
modeling framework for dynamic brain network analysis. Given an ROI-level
BOLD sequence segmented into fixed-length sliding-window patches, BrainACU
(i) discovers data-driven CUs, (ii) builds dimension-aligned CU representations,
and (iii) explicitly models time-aligned and time-lagged cross-CU dependencies
via directed cross-CU attention.

2.1 Problem Setup and Sliding-Window Patching

For each subject, the rs-fMRI signal is represented as:

X ∈ RT×C , (1)

where T is the number of time points and C is the number of ROIs. To obtain
a consistently indexed token timeline, we apply a fixed-length sliding window:

P(m) = X[tm : tm+L−1, :] ∈ RL×C , tm = (m− 1)s+ 1, m = 1, . . . ,M, (2)

where L is the window length, s is the stride, and M =
⌊
T−L
s

⌋
+1 is the number

of patches. In our implementation, we use L=30 and s=10 to produce patch
tensors of shape P ∈ RB×L×M×C for a minibatch of size B (with B=32).
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Fig. 1. Overview of BrainACU. Given an ROI-level BOLD sequence X ∈ RT×C , we
segment it into fixed-length temporal patches to form a token timeline. BrainACU dis-
covers data-driven coordination units (CUs) by learning a stable ROI-to-CU assignment
via per-subject clustering followed by cross-subject consensus. Each CU is mapped to
a shared latent space to obtain dimension-aligned CU tokens. An asynchronous inter-
action module models both time-aligned and time-lagged dependencies across CUs via
directed cross-CU attention, while intra-CU self-attention captures within-unit tempo-
ral dynamics. All CU streams are fused for diagnosis prediction.

2.2 Data-Driven CU Discovery via Consensus Clustering

BrainACU learns a stable ROI-to-CU assignment from data, avoiding predefined
functional templates. Let K be the CU number (we use K=3 throughout). We
first perform per-subject ROI clustering into K groups using a balanced k-means
variant to prevent degenerate CU sizes, producing subject-wise labels z(n) ∈
{1, . . . ,K}C . To obtain a stable grouping across subjects, we construct a cross-
subject co-association matrix and apply consensus clustering:

Aij =
1

N

N∑
n=1

1

[
z
(n)
i = z

(n)
j

]
, i, j ∈ {1, . . . , C}, (3)

where N is the number of training subjects and Aij measures how often ROI i
and ROI j fall into the same cluster across subjects. We then run K-means on
A to obtain final CU labels ẑ ∈ {1, . . . ,K}C .

2.3 CU Tokens via Shared Latent Mapping

For each patch index m, we treat the ROI activations as xm ∈ RC and group
them into CU-specific vectors xm,k ∈ R|Vk| using the learned ROI sets Vk = {i |
ẑi = k}. Because |Vk| varies across CUs, we map each CU to a shared latent
dimension d via CU-specific linear projections:

hm,k = Wkxm,k ∈ Rd, Wk ∈ Rd×|Vk|. (4)
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Here hm,k is the CU token for CU k at patch m, and d is the shared embedding
size (we use d=36). This yields K CU token sequences {hm,k}Mm=1 that are
dimension-aligned and ready for attention-based interaction modeling.

Diversity regularization for CU specialization. A practical risk of data-driven
grouping is CU collapse (different CUs becoming redundant). We regularize CU
specialization by penalizing similarity among CU mean embeddings:

Ldiv =
∑
i<j

(
h̄⊤i h̄j

∥h̄i∥2 ∥h̄j∥2

)2

, h̄k =
1

M

M∑
m=1

hm,k, (5)

where h̄k is the temporal mean token of CU k (before cross-CU interaction).
This encourages different CUs to encode complementary coordination patterns.

2.4 Asynchronous Interaction Module

Given CU token sequences {hm,k}Mm=1 from Eq. (4), we form Hk = [h1,k; . . . ;hM,k] ∈
RM×d (K = 3, d = 36). BrainACU applies (i) intra-CU self-attention over the
patch timeline and (ii) directed cross-CU attention to capture lagged coordina-
tion; each attention block is followed by a lightweight FFN with residual con-
nection and LayerNorm (as in standard Transformer layers). For each CU k, we
update Hk by:

Hin
k = Attnk

(
HkW

in
Q ,HkW

in
K ,HkW

in
V

)
= Softmax

(
QkK

⊤
k√

dh

)
Vk ∈ RM×d,

(6)
where Win

{·} ∈ Rd×dh and dh is the head dimension.

Directed cross-CU attention. For each ordered pair (j → i) with i ̸= j, CU i
queries CU j:

αi←j = Softmax

(
Qi←jK

⊤
j√

dh

)
∈ RM×M , Ui←j = αi←jVj ∈ RM×d, (7)

with Qi←j = Hin
i Wcr

Q,ij , Kj = Hin
j Wcr

K,ij , Vj = Hin
j Wcr

V,ij . Here αi←j(p, q)
denotes the attention weight from the q-th token (patch index) of CU j to the p-
th token of CU i; off-diagonal mass corresponds to lagged coupling. We aggregate
incoming messages by Ui =

∑
j ̸=i Ui←j and return {αi←j} for lag-step statistics

and interpretability.

Lag-promoting attention regularization. Without constraints, the directed cross-
CU attention may degenerate to near-diagonal (near zero-lag) alignment. We
penalize near-diagonal attention mass using a Gaussian kernel:

Llag =
∑
i̸=j

M∑
p=1

M∑
q=1

exp

(
− (p− q)2

2κ2

)
·αi←j(p, q), (8)

where κ controls the width of the small-lag band. Minimizing Llag suppresses
trivial zero-lag alignment and encourages lag-aware cross-CU coupling.
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2.5 Prediction and Training Objective

All CU streams (intra-CU and cross-CU) are fused by concatenation and a
position-wise MLP, then temporally pooled for binary classification. We optimize
BrainACU end-to-end with binary cross-entropy plus the two method-aligned
regularizers:

L = Lcls + λlagLlag + λdivLdiv, (9)

where Lcls is the binary cross-entropy, λlag=0.1 weights lag-aware coordination,
and λdiv=0.01 weights CU specialization.

3 Experiments and Results

3.1 Datasets

We evaluate BrainACU on two rs-fMRI benchmarks for three diagnoses (MDD,
BD, ASD). The private cohort constructed from Nanjing Medical University
(NMU)8 includes 246 controls, 151 MDD, and 126 BD subjects, preprocessed
via DPABI [28]. From the public ABIDE dataset, we use only the NYU site
(74 ASD, 98 controls) to reduce multi-center variability. We used AAL-based
pre-processed functional data for evaluation. Five-fold cross-validation is applied,
with hyperparameters tuned on internal validation set.

3.2 Experimental Results and Discussion

Comparison with state-of-the-art. We compare with (i) traditional FC-based
classifiers on handcrafted connectivity features, (ii) static-graph neural mod-
els on aggregated FC, and (iii) dynamic-graph models for dFC. Table 1 re-
ports mean±std over 5-fold CV. Overall, BrainACU achieves the best perfor-
mance on Center-NMU and remains competitive on ABIDE (NYU), suggest-
ing that data-driven coordination units and asynchronous (lagged) coordination
modeling provide complementary cues beyond sync-only interaction modeling.
On Center-NMU, BrainACU achieves 76.8±2.3/77.9±2.7 (ACC/AUC) for HC
vs. MDD and 78.6±2.1/77.9±2.5 for HC vs. BD (Table 1), outperforming
strong dynamic baselines (e.g., BrainDGT) by clear margins. On ABIDE (NYU),
BrainACU achieves the best overall performance in our table, supporting the
value of modeling lagged cross-unit coordination across disorders.

Ablation analysis. We conduct single-factor ablations by removing one compo-
nent from the full BrainACU (Table 1). Replacing data-driven CU discovery
with a fixed partition reduces performance on all tasks, indicating the bene-
fit of cohort-adaptive coordination grouping in multi-disorder settings. Remov-
ing the shared latent-space mapping also causes consistent drops, showing that
dimension alignment is important for stable cross-CU interaction modeling.
8 Approved by the Medical Science Ethics Committee of Nanjing Medical University

(Ref. 2020-KY027-01).
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Table 1. Comparison with state-of-the-art methods and ablations on MDD, BD, and
ASD (ABIDE NYU). The best results are in bold. The average and std of ACC and
AUC are reported.

Category Method HC vs. MDD HC vs. BD HC vs. ASD (NYU)

ACC(%) AUC(%) ACC(%) AUC(%) ACC(%) AUC(%)

Traditional
FC + SVM 68.4± 2.7 67.2± 3.2 65.6± 3.1 67.3± 3.5 68.1± 2.9 69.7± 3.6
FC + RF 64.7± 2.9 61.2± 3.4 65.2± 3.1 63.6± 4.0 66.2± 2.8 65.1± 3.7
SVM-RFE [4] 70.3± 3.8 70.1± 4.0 66.9± 3.7 67.6± 3.9 65.2± 4.1 65.9± 4.3

Static graph

GroupINN [29] 67.1± 3.9 65.7± 4.2 68.3± 3.8 65.2± 4.0 63.3± 4.3 64.3± 4.4
BrainGNN [14] 65.2± 3.6 63.7± 3.9 69.1± 3.4 68.7± 3.6 65.2± 3.8 65.4± 4.0
MVS-GCN [26] 68.1± 3.5 68.1± 3.7 67.1± 3.6 65.0± 3.8 69.3± 3.7 68.3± 3.9
ASD-DiagNet [1] 68.2± 3.4 68.0± 3.6 72.1± 3.2 72.1± 3.4 67.4± 3.5 67.5± 3.7
FRL [10] 68.0± 3.3 68.9± 3.5 71.1± 3.2 70.7± 4.1 67.1± 3.5 69.4± 3.7
EAG-RS [8] 66.5± 3.6 70.9± 3.8 73.5± 3.1 72.1± 4.3 66.8± 3.7 68.1± 3.9
D-CoRP [6] 71.7± 2.7 71.0± 2.9 72.6± 2.7 71.8± 2.9 67.9± 1.7 65.3± 2.1

Dynamic graph

MDGL [16] 67.4± 3.7 66.7± 3.9 69.1± 3.5 70.3± 3.7 66.9± 3.9 64.1± 4.1
STA-GIN [12] 73.1± 3.2 66.0± 3.5 72.4± 3.1 68.5± 3.3 68.9± 3.4 67.2± 3.7
BrainDGT [22] 74.3± 2.6 71.3± 2.8 73.7± 3.4 74.7± 2.7 69.1± 3.1 69.7± 4.2
MCDGLN [25] 72.6± 2.5 71.1± 3.7 71.6± 3.2 72.1± 2.6 67.2± 2.7 69.3± 2.9
ST-GCN [3] 60.3± 4.8 62.9± 5.1 61.3± 4.7 60.9± 4.9 56.7± 5.2 52.6± 5.6

Ours

w/o CU Discovery 74.6± 2.8 75.2± 3.1 76.1± 2.6 75.4± 2.9 69.5± 3.3 71.1± 3.6
w/o CU Alignment 75.3± 2.6 76.0± 2.9 76.8± 2.4 76.0± 2.7 70.0± 3.1 71.7± 3.4
w/o Llag 76.1± 2.4 77.0± 2.7 77.6± 2.1 76.8± 2.5 71.2± 2.9 72.8± 3.2
w/o Ldiv 76.4± 2.3 77.3± 2.6 77.9± 2.0 77.1± 2.3 71.6± 2.8 73.2± 3.1
w/o Async Interaction 73.1± 3.0 74.0± 3.4 75.0± 2.7 74.2± 3.2 69.0± 3.5 70.6± 3.8

Full Model BrainACU 76.8±2.3 77.9±2.7 78.6±2.1 77.9±2.5 72.3±3.1 74.1±3.4

Disabling the asynchronous module yields the largest degradation, confirming
that time-lagged cross-CU dependencies carry key diagnostic cues beyond sync-
only modeling, especially for MDD and BD. Finally, removing Llag leads to a
smaller but consistent decrease, suggesting it prevents attention from collapsing
to near-diagonal alignments and strengthens lag-aware behavior. Removing Ldiv

also slightly degrades performance, implying that encouraging CU specializa-
tion helps avoid redundant units and yields more complementary coordination
patterns.

Hyper-parameter analysis on CU number. Table 2 reports mean±std over 5-fold
CV. Overall, performance peaks at a moderate granularity (K=3), while larger
K tends to over-partition ROIs and introduce redundant CU streams, making
cross-CU interaction modeling harder to optimize and less robust. Conversely,
too small K may underfit fine-grained coordination patterns.

3.3 Interpretability Analysis of Asynchronous Coordination

BrainACU provides interpretable evidence for time-lagged coordination via its
asynchronous interaction module. We analyze lag-step statistics on the BD co-
hort. Quantitatively, from head-averaged attention matrices we extract attention
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Table 2. Effect of the CU number K on three diagnosis tasks (5-fold CV).

K
HC vs. MDD HC vs. BD HC vs. ASD (NYU)

ACC(%) AUC(%) ACC(%) AUC(%) ACC(%) AUC(%)

2 75.1± 2.4 76.2± 2.8 76.9± 2.0 76.1± 2.2 70.8± 2.9 72.5± 3.2
3 76.8± 2.3 77.9± 2.7 78.6± 2.1 77.9± 2.5 72.3± 3.1 74.1± 3.4
4 74.5± 2.5 75.6± 2.9 76.2± 2.3 75.3± 2.6 70.1± 3.2 71.8± 3.5
5 72.8± 2.7 74.0± 3.1 74.5± 2.5 73.6± 2.8 68.5± 3.4 69.9± 3.7

Fig. 2. Lag-step statistics derived from cross-CU attention. Disease groups ex-
hibit larger lag steps than controls, suggesting abnormal delayed coordination patterns
captured by BrainACU.

extrema and define lag steps as dij = |i − j| (with i/j the query/key temporal
indices); summary statistics (mean/median/variance) show consistently larger
lag steps in the disease group, suggesting disrupted and delayed coordination.

4 Conclusion

We presented BrainACU, a Transformer-based framework for dynamic fMRI
diagnosis that explicitly models asynchronous interactions among brain sub-
networks. BrainACU combines temporal patching, subnetwork partition-and-
mapping, and asynchronous interaction modeling in an end-to-end architecture.
Experiments demonstrate clear improvements over representative baselines, and
interpretability analyses reveal disease-related delayed coordination patterns.
These results suggest that subnetwork-asynchronous modeling is an effective
and interpretable direction for rs-fMRI-based psychiatric diagnosis.
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