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Abstract

Functional Magnetic Resonance Imaging (fMRI) is an imaging technique widely used to
study human brain activity. fMRI signals in areas across the brain transiently synchronise
and desynchronise their activity in a highly structured manner, even when an individual is
at rest. These functional connectivity dynamics may be related to behaviour and neuropsy-
chiatric disease. To model these dynamics, temporal brain connectivity representations are
essential, as they reflect evolving interactions between brain regions and provide insight into
transient neural states and network reconfigurations. However, conventional graph neural
networks (GNNs) often struggle to capture long-range temporal dependencies in dynamic
fMRI data. To address this challenge, we propose BrainATCL, an unsupervised, nonpara-
metric framework for adaptive temporal brain connectivity learning, enabling functional
link prediction and age estimation. Our method dynamically adjusts the lookback window
for each snapshot based on the rate of newly added edges. Graph sequences are subse-
quently encoded using a GINE-Mamba2 backbone to learn spatial-temporal representations
of dynamic functional connectivity in resting-state fMRI data of 1,000 participants from the
Human Connectome Project. To further improve spatial modeling, we incorporate brain
structure and function-informed edge attributes, i.e., the left/right hemispheric identity
and subnetwork membership of brain regions, enabling the model to capture biologically
meaningful topological patterns. We evaluate our BrainATCL on two tasks: functional link
prediction and age estimation. The experimental results demonstrate superior performance
and strong generalization, including in cross-session prediction scenarios.

Keywords: Dynamic Brain Functional Connectivity, Mamba, Functional MRI, GNNs,
Link Prediction, Age Estimation

1. Introduction

Functional magnetic resonance imaging (fMRI) measures brain activity non-invasively via
blood-oxygen-level-dependent (BOLD) signals, serving as a key neuroimaging technique for
studying neural processes and supporting disease diagnosis (Perovnik et al., 2023; Biswal
and Uddin, 2025). In resting-state fMRI, where no explicit task is performed, spontaneous
synchrony and desynchrony across brain regions reveal structured, large-scale networks as-
sociated with behavior, cognition, aging, and neurological or psychiatric conditions (Biswal
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et al., 1995; Shen, 2015; Smith et al., 2013b). Functional brain connectivity can be mod-
eled from fMRI signals as either static functional connectivity (sFC) or dynamic functional
connectivity (dFC) (Power et al., 2011). sFC assumes constant interactions between brain
regions throughout the fMRI scan, and is usually measured by the Pearson or partial cor-
relation. Significant works utilize sFC to study brain abnormalities linked to various brain
diseases, e.g., Alzheimer’s disease (Xu et al., 2020, 2021; Baker et al., 2024) or Autism Spec-
trum Disorder (Zhang et al., 2022). However, as human brain transitions through dynamic
functional states, dFC has emerged as a powerful alternative to sFC by capturing time-
varying interactions between brain regions, offering insights into transient neural states and
network reconfigurations (Ahrends and Vidaurre, 2025).

Capturing temporal dynamics in dFCs remains challenging due to variability from sam-
pling errors, physiological artifacts, and arousal fluctuations, amplified by the low signal-
to-noise ratio inherent in fMRI (Laumann et al., 2024). Recent advances in dFC model-
ing primarily fall into three categories: 1) Mode/Component decomposition-based
methods, which model dFC by decomposing signals or discrete-time connectivity patterns
into interpretable bases, using techniques like temporal covariance EVD (eigenvalue de-
composition) (Alteriis et al., 2025), principle component analysis (PCA) (Leonardi et al.,
2013), Fisher kernel (Ahrends et al., 2025), and the Koopman operator (Turja et al., 2023).
These methods often assume linearity and may struggle to generalize across datasets. 2)
Clustering-based methods, which segment time-varying FC matrices into discrete brain
states using methods like k-means (van der Horn et al., 2024) or deep clustering (Spencer
and Goodfellow, 2022). However, these methods struggle to capture smooth or overlap-
ping transitions between dynamic connectivity states and reply on ad-hoc parameters. 3)
Graph-based dynamic modeling, which integrate static graph neural networks (GNNs)
with different temporal modules, such as temporal convolutional networks (TCNs) (Gadgil
et al., 2020; Azevedo et al., 2022), recurrent neural networks (RNNs) (Cao et al., 2022;
Tang et al., 2025), attention-based transformers (Kim et al., 2021; Yu et al., 2024; Wang
et al., 2024b), to capture complex spatiotemporal dynamics of dFCs.

Despite the strong expressive power, existing methods mostly rely on fixed context win-
dows, suffer from high computational overhead, and overlook neuroscience-informed node
and edge attributes – limiting generalizability across subjects or sessions. They also struggle
to capture long-range temporal dependencies, hindering accurate and scalable modeling of
spatio-temporal patterns in dFCs. However, the recent introduction of Mamba (Dao and
Gu, 2024), a state-space model (SSM) with linear complexity, presents a promising direction
for efficient and scalable sequence modeling. More related works on SSM can be found from
section 2.

In this work, to integrate neuroscience-inspired priors, long-range temporal modeling,
and adaptive mechanisms to improve the accuracy and robustness of dFC analysis, we pro-
pose BrainATCL, an unsupervised, nonparametric framework for adaptive temporal brain
connectivity representation learning from resting-state fMRI data. It consists of four key
innovations: (1) Adaptive determination of the temporal lookback window at each time
point based on the rate of newly formed links, enabling the model to capture meaningful
transitions in functional connectivity. (2) Incorporation of structure- and function-informed
edge attributes, i.e., hemispheric identity and subnetwork membership, to enhance spatial
representations and capture biologically meaningful topological patterns. (3) Encoding
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of adaptively generated graph sequences via the GINE-Mamba2 backbone, which integrates
edge-aware spatial message passing with efficient long-range temporal modeling to learn ex-
pressive temporal graph embeddings. (4) Evaluation of the proposed BrainATCL framework
on two different tasks, functional link prediction (in both within and cross-session settings)
and age estimation, using the Human Connectome Project (HCP) dataset including 1,000
subjects. Experimental results demonstrate its effectiveness and strong generalizability in
modeling dFCs, outperforming both static and dynamic graph learning baselines.

2. Related Work

Graph neural networks (GNNs) have emerged as a powerful tool for both spatial and tem-
poral graph modeling via incorporating conventional sequence models such as recurrent
neural networks (Xu et al., 2022), long-short term memory (LSTM) (Tang et al., 2025),
and (Wang et al., 2025) further incorporate a diffusion connection strategy and adaptive
self-attention fusion to enhance the GNN-LSTM model stability and spatiotemporal repre-
sentation. Recently, transformers have shown great potential for temporal graph modeling
via the self-attention mechanism (Varghese et al., 2024). (Yu et al., 2024) develop a brain
graph transformer to capture long-range dependencies within brain networks. (Wang et al.,
2024b) incorporated the node-level attention algorithm for information aggregation on ROI-
based brain graphs. (Kan et al., 2022) propose a brain network transformer that models
brain graphs with fixed node order and connection profiles and introduce an orthonormal
clustering readout. However, attention-based approaches often suffer from high computa-
tional cost with quadratic complexity.

State space models (SSMs) (Gu et al., 2021), particularly advanced Mamba model (Dao
and Gu, 2024), have gained increasing interest for their linear complexity and efficiency
compared to transformers (Vaswani et al., 2017). Several studies have attempt to apply
Mamba for dFC modeling, e.g., Brain-GM (Wang et al., 2024a) marks the first integration of
the state space model into dynamic brain graph representation learning; FST-Mamba (Wei
et al., 2025) is designed for high-dimensional dFC features that can learn dynamic con-
nectivity patterns and predict biological and cognitive outcomes. (Zrimek et al., 2025)’s
method learns dynamic spatial connections, adjusting the graph structure based on tempo-
ral variations in movement. However, most existing methods rely on fixed temporal windows
and overlook neuroscience-informed edge priors, motivating our adaptive framework devel-
opment with dynamic context selection and biologically grounded edge features

3. Methodology

3.1. Data Preparation

fMRI preprocessing: we used resting-state fMRI recordings of 1,001 healthy subjects
(aged 22-35) from the Young Adult S1200 release of the Human Connectome Project
(Van Essen et al., 2013; Smith et al., 2013a). Briefly, data were acquired on a 3T MRI
scanner. For each participant, resting-state functional scans were acquired in four sessions
of 14 mins 33 sec duration each, using multiband echo planar imaging (EPI) at an accelera-
tion factor of 8, a repetition time (TR) of 0.72 sec, and a spatial resolution of 2× 2× 2mm.
The data were preprocessed as described in (Smith et al., 2013a) using minimal spatial
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preprocessing followed by ICA-based temporal preprocessing and high-pass filtering using a
2000 sec cut-off. Since the voxel-level timecourses are too high-dimensional, we parcellated
the brain using the Schaefer parcellation (Schaefer et al., 2018) with 100 regions of interest
(ROIs). We chose this relatively low-dimensional parcellation, since estimating dFC from
more fine-grained parcellations can lead to overfitting (Ahrends et al., 2022). Timecourses
were extracted as the first principal component within each ROI. Timecourses from eight
ROIs were removed as noise z-score > 6, resulting in 92 ROIs. The input to our experiment
is the BOLD time series of N = 92 brain regions for P = 1000 subjects over T = 1200 time
steps, and each subject has Q = 4 imaging sessions. Hence, we denote the entire time series
by X ∈ RN×P×Q×T . All detailed symbols are provided in Appendix Table 4.

Sliding window-based dFC construction: we compute the Pearson correlation coeffi-
cient between pairs of brain regions with a sliding window of length w and stride s. Each
FC matrix is preprocessed by zeroing the diagonal and setting negative correlations to zero,
followed by thresholding off-diagonal entries with τ to retain only positive connections and
capture temporal dFC patterns. The choice of threshold τ is essential: larger τ yields more
dynamic graphs with higher edge turnover, while a smaller τ produces smoother graphs that
may retain more noise. The impact of different τ values on model performance is discussed
in Section 4.4. To further understand how τ affects the temporal dynamics of graphs, we
provide an in-depth analysis in Appendix A.

The resulting data is a set of all discrete-time dynamic graphs for each subject p
and session q denoted by G = {Gp,q|p ∈ {0, . . . , 1000}, q ∈ {0, . . . , 3}}, where Gp,q =
(Gp,q

0 , . . . , Gp,q
k , . . . Gp,q

K−1), k is the sequence index and K = ⌊1200−w
s ⌋ + 1. Note that each

functional connectivity graph is represented by its corresponding adjacency, node and edge
feature matrices coupled with their target variables yp, Gp,q

k = (Xp,q
k ,Ap,q

k ,Ep,q
k ,yp), where

Xp,q
k ∈ RN×FV , Ep,q

k ∈ RM×FE and Ap,q
k ∈ {0, 1}N×N , and FV , FE are the number of input

node and edge features, respectively.

3.2. Problem Definition

The goal is to learn dFC representations that effectively and efficiently encode their spa-
tiotemporal information. Mathematically, the goal is to learn an embedding function f that
maps an arbitrary graph sequence Gp,q ∈ G into an embedding matrix Hp,q = f(Gp,q) ∈
RN×D, where each row corresponds to a node embedding vector of dimension D. The
learned embeddings Hp,q support two downstream tasks: (1) dynamic link prediction, where
the next adjacency matrix is estimated as Âp,q

K = g(Hp,q) with g : RN×D → {0, 1}N×N as

the link prediction function, and Âp,q
K is the estimated adjacency matrix of the graph at time

step K; (2) Age prediction, a dynamic graph regression task, the subject’s age is estimated
as ŷp = r(Hp,q), where r : RN×D → R+ is the regression function.

3.3. The Proposed BrainATCL Framework

In our proposed BrainATCL framework, we approach dFC representation learning and
downstream machine learning tasks in two phases followed by data preprocessing illustrated
in Fig. 1. The workflow of our BrainATCL is shown in Fig. 2.
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Figure 1: Pipeline for dFC construction and adaptive graph sequence generation. (a) The
original 4D fMRI BOLD signals X ∈ RN×P×Q×T (with N , P , Q, T denoting
ROIs, subjects, imaging sessions, and time points). (b) We construct dFC Gp,q

as a graph sequence of length K for subject p and session q, all subjects’ dFC
set is denoted as G. (c) For training the models, we designed adaptive lookback
strategy as a function of the temporal novelty index (Eq. 1) as a heuristic to
determine temporal context Dp,q

k dynamically for each graph snapshot at time
step k, see detailed computation of adaptive lookback ℓp,qk in Section 3.3.1.

3.3.1. Novelty-based adaptive lookback computation.

One of the main components of our method is the adaptive computation of the temporal
context for each static graph within the dynamic functional connectivity. We define the
temporal context as the set of historical graphs prior to each static graph within the graph
sequence. We characterize the temporal context of each static graph Gp,q

k using the adaptive
lookback number ℓp,qk , which indicates the number of past relevant graphs for the static graph
corresponding to subject p in session q at time step k. We are motivated to compute the
temporal context for each static graph during data preprocessing to introduce an inductive
bias. Specifically, our framework explicitly models temporal graph dynamics by aggregating
historical context of adaptive length, which alleviates the need for the model to implicitly
learn long-range temporal dependencies.

Our intuition is based on the novelty index of the dynamic graph, defined as the average
ratio of new edges at each time step:

nk =
1

K

K∑
k=1

|Ek \ Eseen
k |

|Ek|
, (1)

where Ek represents the set of edges at time step k, and Eseen
k represents the set of edges

observed in previous time steps 1, . . . , k − 1.
We aim to compute the lookback number ℓp,qk as a function of the novelty index such that

the dynamic graph is assigned a shorter lookback at time steps with rapid novel changes
and a longer lookback at time steps where the graph evolves more slowly. This intuition
is supported by the observation that a dynamic graph undergoing frequent novel changes
behaves similarly to a sequence of random graphs, making historical context less relevant,
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Figure 2: Illustration of our proposed BrainATCL framework for adaptive temporal brain
connectivity embedding and two downstream tasks. (a) The BrainATCL is
trained by minimizing the contrastive triplet loss. It combines a GINEConv-
based GNN to encode structural information with edge attributes, followed by a
Mamba-2 model for temporal aggregation across the graph sequence. The out-
put of Mamba-2 is fed to linear layers to represent each node as a multivariate
Gaussian distribution. (b) After pre-training the BrainATCL, the input graph se-
quence is processed and its node embeddings are used for link prediction classifier
and age prediction regressor. These downstream task models are trained sepa-
rately using binary cross-entropy (BCE) and mean-squared error (MSE) losses.

whereas slow variations in the graph indicate that its structure depends on a longer historical
context. We employ the novelty index of the dynamic graph to quantify structural variations
and compute the lookback number as a function of this index.

Specifically, let (np,q
0 , . . . , np,q

K−1) be the sequence of novelty indices for the dynamic graph
Gp,q = (Gp,q

0 , . . . , Gp,q
K−1), where each novelty index is computed as defined in Eq. 1. We

begin with a desired range of lookback values, [ℓmin, ℓmax], so that B = ℓmax − ℓmin + 1 is
the number of discrete lookback values. Given the sequence of novelty indices, we compute
the (B + 1)-quantiles as:

αp,q
b = Quantile

(
np,q
0 , . . . , np,q

K−1;
b
B

)
, b = {0, . . . , B}, (2)

so αp,q
0 and αp,q

B are equal to the minimum and maximum novelty indices in the sequence,
respectively. To compute the adaptive lookback for each time step k of the dynamic graph
Gp,q, we first find the unique bin index b ∈ 0, . . . , B − 1 to which the corresponding novelty
index belongs: αp,q

b ≤ np,q
k < αp,q

b+1, and assign the adaptive lookback value ℓp,qk = ℓmax − b.
Thus, graphs with the lowest novelty index (b = 0) receive the longest lookback value
ℓp,qk = ℓmax, while those with the highest novelty index (b = B − 1) receive the shortest
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lookback value ℓp,qk = ℓmin. We determine an adaptive lookback number for each dynamic
graph, resulting in the final dataset. D structured as follows:

D =

Dp,q
k =

(
Gp,q

k−ℓp,qk
, . . . , Gp,q

k

) ∣∣∣∣∣∣∣
ℓmax ≤ k ≤ K

p ∈ {0, . . . , 1000}
q ∈ {0, . . . , 3}

 (3)

3.3.2. Encoding of dFCs via GINE-Mamba

In the first step of modeling, we employ a contrastive learning approach to encode the spatial
and temporal information contained in the dFC graph into the embedding vector space.
Inspired by previous work (Bojchevski and Günnemann, 2017; Parmanand Pandey et al.,
2024), we model each node in the graph sequence as a multivariate Gaussian distribution
by parameterizing its mean vector and covariance matrix. Specifically, for each static graph
at time step k in the graph sequence, we encode its structural information using a graph
neural network composed of L GINEConv (Hu et al., 2019) layers:

z
{p,q},l
k,i = hθl

(
(1 + ϵ) z

{p,q},l−1
k,i +

∑
j∈N p,q

k (i)

ReLU
(
z
{p,q},l−1
k,j + ep,qk,ji

))
,

(4)

where p and q are indicators of the subject and session, respectively. z
{p,q},l
k,i ∈ RDl is

the lth layer’s structural embedding of node i at time step k, ϵ is a learnable parameter,
l = 1, . . . , L is the number of GINEConv layers, N p,q

k (i) is the set of node i’s neighbors in the
graph sequence at time step k, and ep,qk,ji is the edge feature vector of edge ji at time step

k. Note that the input to the first layer is the node feature vector, i.e., zp,q,0k,i = xp,q
k,i . To

incorporate biologically meaningful spatial priors into the model, we encode structure- and
function-informed edge attributes by leveraging the hemispheric identity and subnetwork
membership of the nodes connected by each edge. Specifically, for every edge ji, we obtain
the hemisphere and subnetwork labels of both endpoint nodes, embed these categorical
labels into learnable vectors, and concatenate them to form the final edge attribute.

After encoding the structural information of static graphs within the graph sequence
Dp,q

k =
(
Gp,q

k−ℓp,qk
, . . . , Gp,q

k

)
, we obtain a sequence of embeddings for each node in the graph,

i.e., (zp,q,Lk−ℓp,q ,i, . . . , z
p,q,L
k,i ) for time steps k− ℓp,qk , . . . , k. Inspired by recent advances in state-

space models for sequence modeling (Gu and Dao, 2023; Dao and Gu, 2024), we employ the
Mamba2 model to encode the temporal evolution of structural embeddings into spatiotem-
poral embeddings.

hp,q
k,i = Mamba2(z

{p,q},L
k−ℓp,qk ,i

, . . . , z
{p,q},L
k,i ). (5)

The spatiotemporal embeddings hp,qk, i ∈ RDemb are then fed into two separate linear
layers to compute the mean and covariance of each node:

µp,q
k,i = Linearµ(hp,q

k,i ),

σp,q
k,i = ELU

(
Linearσ(hp,q

k,i )
)

+ 1 + σ.
(6)

The mean and variance vectors µp,q
k,i and σp,q

k,i are in RDemb , characterizing the Gaussian

distribution of node i’s embedding in Dp,q
k as N (µp,q

k,i , diag(σp,q
k,i )). We add 1 to the ELU

output to ensure covariance positivity; σ is a small constant (10−14) for numerical stability.
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We train the BrainATCL by optimizing a contrastive triplet loss. For each reference
node i of the static graph Gp,q

k in the graph sequence Dp,q
k , we extract its direct neighbors

as positive samples inear and the nodes two hops away from the reference node as negative
samples ifar. Reference nodes and their corresponding positive and negative samples form a
set of triplets T p,q

k = (i, inear, ifar) | i ∈ Gp,q
k used in the contrastive representation learning.

The contrastive loss function aims to minimize the distance between the embeddings
of adjacent nodes while maximizing the distance between the embeddings of non-adjacent
nodes. We define the contrastive loss for the graph sequence sample Dp,q

k as

LDp,q
k

=
1

ℓp,qk + 1

∑
Gp,q

k ∈Dp,q
k

∑
T p,q
k

[E2(i, inear) + e−E(i,ifar)], (7)

where the energy function E computes the Kullback-Leibler divergence between the corre-
sponding Gaussian distribution representations of the input nodes, i.e.,

E(i, j) = KL(N (µi,Σi)||N (µj ,Σj)). (8)

The loss objective of the BrainATCL is the sum of embedding losses over all graph sequence
samples: L =

∑
D LDp,q

k
.

3.3.3. Evaluation on downstream prediction tasks.

Once the pre-trained BrainATCL is optimized using contrastive learning, we embed the
dFC graph and use the embeddings for downstream tasks:

For the link prediction task, we represent each edge as the concatenation of the mean
vectors of its corresponding endpoint node embeddings and feed this representation to a
multilayer perceptron (MLP), i.e., Âp,q

k+1,ij = MLP([µp,q
k,i ||µ

p,q
k,j ]). Here, Âp,q

k+1,ij represents the
probability of observing the edge (i, j) at time step k + 1 for subject p and session q, given
the sequence of graphs (Gp,q

k−ℓp,qk
, . . . , Gp,q

k

)
. The MLP is trained using binary cross-entropy

between predictions and the ground-truth edges at the next time step.

For age prediction, we use the mean of each node’s Gaussian distribution as its embed-
ding and aggregate them into subject-level temporal representations using MeanPooling

and a Conv module, then pass it through a Regressor layer to compute the predicted age,
i.e., ŷp = Regressor(Conv(MeanPooling({µp,q

k,i}i∈Gp,q
k

))). (see Appendix C for details)

4. Experimental Results

4.1. Dataset

We evaluated our approach on the HCP young adult dataset for two tasks: temporal link
prediction and age prediction. In the link prediction task, we select the first 300 subjects
to train the BrainATCL and conduct the link prediction task. The trained model is then
used to generate dynamic functional connectivity (dFC) graph embeddings for a separate
set of 300 subjects (not used in training the BrainATCL), which are subsequently used for
the age prediction task.
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4.2. Implementation Details

We train BrainATCL under two settings: 1) Within-session: each of the four sessions
per subject is split by timestamps: the first 70% of each session is used for training, the
next 10% for validation, and the remaining 20% for testing. The training segments from
all sessions and all subjects are concatenated to form the final training set; validation and
test segments are concatenated similarly. 2) Cross-session: the first two sessions are used
for training, the third for validation, and the fourth for testing. Given the temporal gap
between the four sessions, we exclude the first ℓmax graphs at the beginning of each ses-
sion when computing the adaptive lookback, preventing the model from referencing graphs
across session boundaries and ensuring semantic consistency. See Appendix C for more
implementation details.

4.3. Evaluation Tasks and Metrics

We assess the performance of BrainATCL on temporal link prediction task using five stan-
dard metrics – mean average precision (MAP), mean reciprocal rank (MRR), area under
the ROC curve (AUC), area under the precision–recall curve (PR-AUC), and F1-score. See
Appendix B for detailed definitions. For age estimation task, the evaluation metrics are
mean absolute error (MAE) and mean square error (MSE), both measured in years. We
adopted five regression models for age prediction: ElasticNet, Ridge, Lasso, Random Forest,
and Support Vector Regression (SVR). For each model, we perform grid search to identify
the optimal hyperparameters. The model with the best performance is selected based on
validation results.

4.4. Results

We conduct an ablation study under two training setups, systematically varying key hy-
perparameters such as lookback window, threshold, embedding size, and stride length. As
shown in Appendix D Fig. 4, both the mean and variance of MAP and MRR scores are
reported for each configuration. Based on this comparison, we select the configuration with
threshold 0.5, embedding size 128, adaptive lookback, and stride size 10 for the final model
comparison. This setup provides a strong balance between within-session and cross-session
performance, yielding high MAP and MRR scores across both evaluation scenarios. For
the choice of temporal window size, (Allen et al., 2014; Hutchison et al., 2013) recommend
windows of approximately 60s to ensure reliable estimation of time-varying correlations.
Accordingly, we use a window size of w = 100 (72s), which provides a principled balance
between estimation reliability and sensitivity to transient resting-state fluctuations.

We also evaluate the impact of incorporating edge features into the BrainATCL model.
We compare two variants: with and without edge features, and summarize the results
for both within-session and cross-session evaluations in Table 1. Including edge features
consistently improves performance across all five evaluation metrics, indicating that added
relational information helps capture fine-grained variations in dynamic connectivity pat-
terns.

We further conducted an ablation study to evaluate the impact of different training
objectives. In particular, we replace the contrastive loss with a VGAE-style reconstruction
objective using inner-product decoding and KL regularization (Kipf and Welling, 2016).
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Table 1: Ablation study on the effect of edge features (including network and hemisphere
labels of the two endpoint nodes) for temporal link prediction under within-session
and cross-session settings.

Within-session

Model Variant MAP↑ MRR↑ AUC↑ PR-AUC↑ F1↑

w/o Edge Features 0.7313 ± 0.0024 0.6061 ± 0.0015 0.9728 ± 0.0004 0.7143 ± 0.0016 0.6830 ± 0.0011
w/ Edge Features 0.7681 ± 0.0012 0.6265 ± 0.0009 0.9746 ± 0.0001 0.7468 ± 0.0013 0.7050 ± 0.0008

Cross-session

Model Variant MAP↑ MRR↑ AUC↑ PR-AUC↑ F1↑

w/o Edge Features 0.7257 ± 0.0016 0.6051 ± 0.0009 0.9705 ± 0.0004 0.7061 ± 0.0008 0.6815 ± 0.0013
w/ Edge Features 0.7667 ± 0.0004 0.6194 ± 0.0006 0.9741 ± 0.0001 0.7352 ± 0.0016 0.6923 ± 0.0017

As shown in Table 2, the model trained with the variational loss consistently underperforms
the proposed contrastive learning framework across all evaluation metrics. This indicates
that purely generative reconstruction objectives are insufficient to capture discriminative
temporal patterns in dynamic brain networks.

Table 2: Ablation study on training objectives by replacing the proposed contrastive loss
with a VGAE-style reconstruction objective for temporal link prediction under the
within-session setting.

Within-session

Model Variant MAP↑ MRR↑ AUC↑ PR-AUC↑ F1↑

VGAE Reconstruction 0.7054 ± 0.0019 0.5982 ± 0.0021 0.9701 ± 0.0004 0.6752 ± 0.0012 0.6488 ± 0.0011
Contrastive (BrainATCL) 0.7681 ± 0.0012 0.6265 ± 0.0009 0.9746 ± 0.0001 0.7468 ± 0.0013 0.7050 ± 0.0008

Under this optimal configuration, we evaluate BrainATCL against a comprehensive
set of baselines (classical and recent graph models) on temporal link and age prediction.
”Within-session” and ”cross-session” refer to the two training setups. As shown in Ta-
ble 3, BrainATCL achieves the best performance across all evaluation metrics, with MAP
of 0.7681, MRR of 0.6265, AUC of 0.9746, PR-AUC of 0.7468, and F1-score of 0.7050,
significantly outperforming all other baselines. The baselines include general graph neu-
ral networks - GCN (Kipf, 2016) GAT (Hamilton et al., 2017), GraphSAGE (Veličković
et al., 2017), GIN (Xu et al., 2018)), GNN-RNNs variants (GCN-GRU, GAT-GRU, GIN-
GRU, GraphSAGE-GRU) (Seo et al., 2018; Chen et al., 2022), a dynamic graph variational
method (VGRNN) (Hajiramezanali et al., 2019), and two state-of-the-art temporal graph
models: TransformerG2G (Varghese et al., 2024) and GDG-Mamba (Pandey et al., 2024).
Notably, while GDG-Mamba performs competitively, BrainATCL achieves better perfor-
mance through the integration of biologically meaningful edge attributes and a novelty-
aware adaptive lookback mechanism.

Regarding explainability, since our cohort consists of healthy young adults with a rel-
atively narrow age range (22–37 years), ROI- and edge-level attributions are expected to
exhibit a low signal-to-noise ratio and limited translational relevance. To provide a prelimi-
nary analysis, we selected the two subjects with the largest age difference (22 and 37 years)
and computed the cosine distance between their learned ROI embeddings. The resulting
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Table 3: Benchmarking BrainATCL against multiple baselines for temporal link and age
prediction under within-session and cross-session settings. MAP, MRR, AUCROC,
PR-AUC, and F1 are used for link prediction, while MAE and MSE are used for
age prediction. Reported values are means with standard deviations shown in
parentheses. All comparisons are conducted under the same experimental config-
uration (stride=10, window=100, embedding=128, threshold=0.5).

Within-session

Model MAP↑ MRR↑ AUC↑ PR-AUC↑ F1↑ MAE↓ MSE↓

GCN 0.2838 (0.0018) 0.2226 (0.0009) 0.9101 (0.0000) 0.2679 (0.0001) 0.3557 (0.0001) 3.09 (0.16) 13.77 (1.89)

GraphSAGE 0.3245 (0.0234) 0.2576 (0.0534) 0.9279 (0.0000) 0.3017 (0.0001) 0.4054 (0.0002) 3.29 (0.58) 16.58 (5.42)

GAT 0.3601 (0.0027) 0.2045 (0.0038) 0.9112 (0.0000) 0.3408 (0.0001) 0.4233 (0.0002) 3.16 (0.49) 15.78 (2.45)

GIN 0.3564 (0.0124) 0.2308 (0.0210) 0.9178 (0.0000) 0.3326 (0.0001) 0.4150 (0.0000) 3.15 (0.07) 14.70 (1.23)

GCN-GRU 0.2991 (0.0055) 0.2351 (0.0037) 0.9172 (0.0000) 0.2785 (0.0000) 0.3622 (0.0000) 3.08 (0.54) 14.68 (0.77)

GraphSAGE-GRU 0.4161 (0.0041) 0.3752 (0.0061) 0.9484 (0.0000) 0.4043 (0.0001) 0.4961 (0.0000) 3.25 (0.41) 16.85 (3.93)

GAT-GRU 0.3765 (0.0023) 0.2256 (0.0167) 0.9183 (0.0000) 0.3489 (0.0001) 0.4176 (0.0000) 3.06 (0.06) 13.49 (1.23)

GIN-GRU 0.3727 (0.0061) 0.2446 (0.0036) 0.9304 (0.0000) 0.3356 (0.0001) 0.4363 (0.0000) 2.92 (0.37) 10.77 (2.15)

VGRNN 0.3987 (0.0047) 0.2523 (0.0021) 0.9112 (0.0000) 0.3742 (0.0001) 0.4399 (0.0001) 3.32 (0.36) 17.01 (0.59)

TransformerG2G 0.6615 (0.0063) 0.5675 (0.0036) 0.9730 (0.0002) 0.6509 (0.0006) 0.6786 (0.0014) 2.87 (0.41) 12.18 (2.86)

GDG-Mamba 0.7201 (0.0034) 0.5951 (0.0018) 0.9711 (0.0001) 0.6978 (0.0007) 0.6786 (0.0012) 2.84 (0.48) 12.09 (2.65)

BrainATCL 0.7681 (0.0012) 0.6265 (0.0009) 0.9746 (0.0001) 0.7468 (0.0013) 0.7050 (0.0008) 2.81 (0.37) 11.73 (2.57)

Cross-session

Model MAP↑ MRR↑ AUC↑ PR-AUC↑ F1↑ MAE↓ MSE↓

GCN 0.2767 (0.0002) 0.2262 (0.0005) 0.9113 (0.0000) 0.2652 (0.0000) 0.3528 (0.0000) 3.46 (0.01) 16.38 (0.79)

GraphSAGE 0.3127 (0.0473) 0.2892 (0.0674) 0.9166 (0.0000) 0.2536 (0.0001) 0.3581 (0.0001) 3.64 (0.59) 17.17 (4.22)

GAT 0.3512 (0.0018) 0.1825 (0.0007) 0.9120 (0.0000) 0.3393 (0.0001) 0.4206 (0.0000) 3.27 (0.001) 15.79 (0.25)

GIN 0.3423 (0.0067) 0.2217 (0.1298) 0.9215 (0.0000) 0.3612 (0.0001) 0.4370 (0.0000) 3.04 (0.74) 14.65 (3.75)

GCN-GRU 0.2801 (0.0035) 0.2285 (0.0016) 0.9186 (0.0000) 0.2778 (0.0000) 0.3613 (0.0000) 3.41 (0.21) 15.53 (0.67)

GraphSAGE-GRU 0.4173 (0.0020) 0.3798 (0.0054) 0.9496 (0.0000) 0.4055 (0.0001) 0.4974 (0.0001) 3.44 (0.31) 17.64 (4.41)

GAT-GRU 0.3689 (0.0025) 0.2058 (0.0314) 0.9203 (0.0000) 0.3507 (0.0001) 0.4190 (0.0000) 3.28 (0.22) 15.98 (2.01)

GIN-GRU 0.3813 (0.0059) 0.2328 (0.0097) 0.9321 (0.0000) 0.3618 (0.0000) 0.4372 (0.0000) 2.97 (0.52) 11.62 (2.89)

VGRNN 0.3838 (0.0034) 0.2489 (0.0078) 0.9105 (0.0000) 0.3755 (0.0000) 0.4423 (0.0000) 3.58 (0.11) 17.39 (0.76)

TransformerG2G 0.6643 (0.0050) 0.5689 (0.0031) 0.9714 (0.0000) 0.6589 (0.0010) 0.6799 (0.0007) 3.02 (0.45) 13.44 (3.09)

GDG-Mamba 0.7002 (0.0029) 0.5898 (0.0013) 0.9674 (0.0001) 0.6700 (0.0016) 0.6603 (0.0008) 2.83 (0.38) 12.04 (3.04)

BrainATCL 0.7667 (0.0004) 0.6194 (0.0003) 0.9741 (0.0001) 0.7352 (0.0016) 0.6923 (0.0017) 2.80 (0.38) 11.68 (2.97)
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cross-subject differences were further grouped according to major functional networks, as
shown in Appendix E Fig. 5. As illustrated in the figure, inter-subject variability is not
uniformly distributed across networks, but is mainly concentrated in the visual, dorsal atten-
tion, and control systems, whereas somatomotor, limbic, and default-mode networks exhibit
substantially smaller differences. These observations are consistent with prior resting-state
functional connectivity studies reporting network-specific effects of aging, with pronounced
changes in task-positive and visual networks (Mowinckel et al., 2012). For more details,
see Appendix E. Taken together, our node-level representation analysis suggests that cross-
subject differences captured by BrainATCL are structured and network-dependent, reflect-
ing biologically plausible patterns of age-related functional reorganization, even within a
relatively narrow age range.

5. Conclusion

Dynamic functional connectivity analysis faces challenges from fixed context windows and
the limited integration of neuroscience-informed priors. To address these issues, we propose
BrainATCL, an unsupervised and adaptive framework that dynamically adjusts tempo-
ral context based on temporal novelty index and incorporates biologically meaningful edge
attributes to enhance spatial modeling. Experiments on HCP data demonstrate its strong
performance and generalizability across both link prediction and age estimation tasks. One
limitation of the current framework is the lack of end-to-end training between the embed-
ding model and downstream tasks. In future work, we plan to enhance the adaptivity of the
framework by aligning temporal context selection more directly with brain activity dynam-
ics, and to explore the identification of individual-specific brain modes during the resting
state.
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Appendix A. Impact of Threshold τ on Temporal Graph Dynamics

To better understand how the choice of threshold τ influences the dynamic properties of the
constructed temporal graphs, we analyze the edge evolution across time using the Temporal
Edge Appearance (TEA) plot (Poursafaei et al., 2022). The TEA plot quantifies, at each
time point, the proportion of newly appearing edges compared to the previous graph snap-
shot, thereby offering a visual measure of temporal variability. Fig. 3 shows how the choice
of threshold τ affects the temporal dynamics of functional connectivity graphs. When τ is
too small, the resulting graphs are overly dense and smooth, capturing many weak or noisy
connections. This leads to a large number of repeated edges across time and consequently a
lower average novelty score. In contrast, when τ is too large, each graph contains very few
edges, making the connectivity patterns highly sparse and more dynamic, but potentially
less stable. Thresholds around 0.4 and 0.5 provide a good balance, capturing meaningful
changes while avoiding excessive noise. We further validate this observation in our ablation
study, which shows that performance is sensitive to τ , and based on these results, we select
τ = 0.5 for our final model.

Figure 3: Temporal Edge Appearance (TEA) plots for subject 10, session 1 under different
threshold values. For each time point, the blue bars indicate the number of
repeated edges (i.e., edges that have appeared in any previous time point), while
the orange bars represent newly appeared edges. The red line shows the novelty
index at each time point, quantifying the proportion of new edges relative to total
edges. The average novelty across the time series is reported in the title of each
subplot.
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Appendix B. Evaluation Metrics

(1) Mean Average Precision (MAP): For each query node q, predictions are ranked in
descending order by their predicted probabilities. The average precision (AP ) is calculated
using Eq. 1, where P (k) is the precision at rank k, and rel(k) is 1 if the k-th item is relevant.
The final MAP is the mean of AP values across all nodes in Q.

MAP =
1

|Q|
∑
q∈Q

AP (q); AP (q) =
1

m

n∑
k=1

[P (k) × rel(k)] (1)

(2) Mean Reciprocal Rank (MRR): MRR is the average of reciprocal ranks of the first
relevant prediction for each query node q, as shown in Eq. 2. Unlike MAP , which considers
all relevant items, MRR focuses on the rank of the first correct prediction.

MRR =
1

|Q|
∑
q∈Q

1

kq
(2)

For F1-score, predicted link probabilities are binarized using an optimal threshold selected
on the validation set. Specifically, for each experimental setting, the threshold that maxi-
mizes the validation F1-score is chosen and then applied to the corresponding test set. AUC
and PR-AUC are computed in a threshold-free manner based on ranked prediction scores.

Appendix C. Implementation Details

We use 5 NVIDIA A100 GPUs with 8GB of memory each. Our model is implemented using
the mamba-ssm library (Dao and Gu, 2024). The Mamba2 temporal module is configured
with hidden dimension dmodel = 96, state dimension dstate = 64, convolution kernel size
dconv = 4, and head dimension set to 16. Our models were trained for 50 epochs using
the AdamW optimizer with a weight decay of 8 × 10−5. The learning rate was adjusted
based on the generated graph sequences and varied between 10−6 and 10−7 across different
experimental settings. To regularize the model during training, a dropout rate of 0.38 was
applied after the Mamba block. To prevent overfitting, we also employed early stopping
with a patience of 5 epochs.

For the baseline model TransformerG2G, the input sequence of graph embeddings with
adaptive lookback is first projected to a d-dimensional space using a linear layer, where
we set d = 256. The model consists of 8 encoder layers, each with a single attention
head. A tanh activation is applied in the nonlinear layer following the encoder, and the
resulting representation is further projected to the Demb-dimensional space, consistent with
our BrainATCL architecture. In the nonlinear projection head, we apply an ELU activation
function. The TransformerG2G model is optimized using the Adam optimizer with a fixed
learning rate of 10−6 across all datasets. For the GDG-Mamba baseline, we adopt the
same training setup as used for our proposed BrainATCL model. For all adaptive lookback
settings, we set ℓmin = 1 and ℓmax = 4.

We also compared BrainATCL against several static and dynamic GNNs for link pre-
diction and age estimation tasks. Static GNNs include GCN (Kipf, 2016), GraphSAGE
(Hamilton et al., 2017), GAT (Veličković et al., 2017), and GIN (Xu et al., 2018). Dy-
namic GNNs comprise compositions of static GNNs with gated recurrent units, GCN-GRU,
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GraphSAGE-GRU, GAT-GRU, and GIN-GRU (Chen et al., 2022; Seo et al., 2018), as well
as the variational graph recurrent neural network (VGRNN) (Hajiramezanali et al., 2019).

Both static and dynamic GNNs were trained end-to-end for both tasks. For static
GNNs, the input is a static graph Gp,q

k , and the target is either the next graph Gp,q
k+1 or the

subject’s age yp. For dynamic GNNs, the input is a graph sequence of fixed lookback size
four, (Gp,q

k−4, . . . , G
p,q
k ), with the same targets.

For the temporal link prediction task, we trained an MLP classifier consists of one hid-
den layer with ReLU activation, as defined in Section 3.3, to predict whether a pair of
nodes is connected based on their embeddings. The classifier was trained to minimize
the weighted binary cross-entropy loss using an Adam optimizer with a learning rate of
10−3 and evaluated using MAP and MRR. For this task, each subject’s data was split
into train/validation/test sets along the temporal dimension, following the same split set-
ting used for training the BrainATCL. The reported MAP and MRR scores are averaged
over all test graphs to evaluate embedding quality. For F1-score, the decision threshold is
selected based on validation performance.

In the age estimation task, we ensured that subjects with familial relationships (e.g.,
twins) were assigned to the same dataset partition (training or testing) to avoid data leak-
age. This guarantees that related individuals do not appear in both sets simultaneously
during model training and evaluation. We use a separate set of 300 subjects that are not
involved in the link estimation experiments to avoid information leakage. The data is split
at the subject level, with 80% of the subjects used for training and 20% for testing. All
available sessions are included for each subject. Results are averaged over five runs, each
with a different random 80/20 train-test split. At first, we generate a temporal embed-
ding for each subject by concatenating the graph embeddings from all sessions. Before
feeding these subject-level temporal embeddings into the age regression model, we apply a
dimensionality reduction module to extract compact subject-level representations. Given
an input tensor of shape (P,K,N,Demb), where P is the number of subjects, K is the
number of temporal graphs per subject, N is the number of brain regions, and Demb is the
embedding dimension, we first perform mean pooling over the region dimension to obtain a
tensor of shape (P,K,Demb). The resulting sequence is then passed through a 1D convolu-
tional network consisting of two convolutional layers with ReLU activations and an adaptive
average pooling layer to aggregate temporal information into a fixed-size vector. For the
K-dimensional representation, since it combines four sessions, we also experimented with
an alternative approach in which we first averaged the four sessions before applying the
convolutional module. In addition, we tested removing the first 20% of graphs from each
session, as the initial segment often contains substantial noise and fluctuations. We selected
the best-performing configuration as the final result. Finally, a fully connected layer maps
the output to a 256-dimensional representation, which is then used for downstream age
prediction.

Appendix D. Ablation study on the effect of hyperparameters

See Fig. 4.
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Figure 4: The Top panel shows ablation study on the effect of hyperparameters (thresh-
old, embedding size and stride) on within-session (blue) and cross-session (red)
temporal link prediction performance in terms of MAP (solid lines) and MRR
(dashed lines). Solid/dashed lines denote the mean performance, while the shaded
areas correspond to the standard deviation across five runs. The bottom panel
shows MAP and MRR scores across different lookback strategies and stride sizes
for the link prediction task. The red dashed line shows the average novelty score
corresponding to each stride setting. The x-axis denotes the stride size (s), with
the number of temporal graphs per subject indicated in parentheses.

Appendix E. Explainability

See Fig. 5. Each box summarizes the distribution of ROI-level cosine distances within a
functional network. This visualization reflects the heterogeneity of cross-subject embedding
differences across ROIs within each network.
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Figure 5: Distribution of cross-subject cosine distances between time-averaged ROI embed-
dings of the two subjects with the largest age difference (15 years), grouped by
major functional networks. All subnetworks are defined based on the Schaefer
parcellation (Schaefer et al., 2018)
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Table 4: List of Symbols and Their Descriptions
Symbol Description

N Number of nodes

M Number of edges

P Number of subjects

Q Number of sessions

T Number of time steps in BOLD time series

X BOLD time series

w Window size for computing the Pearson correlation coefficient

s Stride size for computing the Pearson correlation coefficient

G Set of all dynamic functional connectivity graphs

Gp,q Dynamic functional connectivity graph for subject p and session q

K Number of static graphs in the dynamic functional connectivity

Gp,q
k Static graph for subject p and session q at time step k

Xp,q
k Node feature matrix for subject p and session q at time step k

Ep,q
k Edge feature matrix for subject p and session q at time step k

Ap,q
k Adjacency matrix for subject p and session q at time step k

yp, yp Target variable vector and scalar for subject p

FV Number of node features

FE Number of edge features

f Embedding function

Hp,q Node embedding matrix for subject p and session q

Âp,q
K Predicted adjacency matrix for subject p and session q at time step K

g Link prediction function

r Age prediction function

z
{p,q},l
k,i lth layer’s spatial embedding vector of node i for subject p, session q

and time index k

N p,q
k (i) Set of neighbors of node i for subject p and session q at time step k

ep,q
k,ji Feature vector of edge (j, i) for subject p and session q at time step k

L Number of GINEConv layers

hp,q
k,i Hidden state of Mamba2 for node i at time step k corresponding to

subject p and session q

µp,q
k,i , σ

p,q
k,i Mean and standard deviation of Gaussian distribution corresponding

to the embeddings of node i at time step k for subject p and session q

Demb Embedding dimension size

E(i, j) Energy function that computes KL divergence between embeddings of
nodes i and j

L Loss function for BrainATCL’s training

LDp,q
k

Embedding loss corresponding to the sample Dp,q
k

np,q
k Novelty index of the graph Gp,q

k

B Number of discrete lookback values and number of quantile bins

αp,q
b The bth quantile of novelty index for subject p and session q

ℓp,qk Adaptive lookback number for the graph Gp,q
k

Dp,q
k Graph sequence sample with adaptive lookback corresponding to sub-

ject p, session q and time step k
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