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Abstract. To predict and generate developmental changes in brain func-
tional connectivity (FC), we propose a framework combining a Graph
Attention Autoencoder with Brownian Bridge diffusion. The autoen-
coder encodes FC into low dimensional features that preserve topol-
ogy, while the diffusion model anchors the source and target domains
and leverages age conditioning for stable trajectory modeling. This ap-
proach enables direct prediction and generation of the FC of target-age
from FC of initial-age. Validated on longitudinal fMRI data from the
CCNP cohort (ages 6-18), the framework outperforms existing genera-
tive models on key metrics, including mean squared error (MSE), Pear-
son correlation coefficient (PCC), and structural similarity index (SSIM),
while capturing biologically significant developmental brain regions, pro-
viding a reliable tool for predictive FC modeling. Code is available at
https://github.com /rongyezhangl8-eng/BBdiffusion-FC.
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1 Introduction

Functional magnetic resonance imaging (fMRI) constructs functional connectiv-
ity (FC) from blood oxygen level dependent (BOLD) signals, capturing func-
tional associations between atlas-defined regions of interest (ROIs)[1]. Adoles-
cence is a critical period of rapid brain network reorganization, and systemat-
ically characterizing FC remodeling in this stage is key to understanding neu-
rodevelopment and individual variability[2, 3]. Using longitudinal FC data, we
aim to learn a generative model that, conditioned on early-stage FC, predicts
subject-specific FC at arbitrary target ages, thereby addressing temporal spar-
sity and irregular sampling in longitudinal studies and providing a computational
framework for continuous developmental trajectory prediction.

Recently, interest has grown in modeling the connectome’s two fundamen-
tal representations—structural connectivity (SC) and functional connectivity
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(FC)[4]. FC-to-FC modeling focuses on how FC patterns change over time and
across states and ages, capturing network plasticity and individual developmen-
tal trajectories[5]. However, most existing work either uses cross-sectional analy-
ses or SC-FC mapping and does not explicitly incorporate physiological factors
such as age[4, 6,9]. Longitudinal FC-to-FC prediction remains rare, and current
approaches, typically based on state estimation or traditional statistical models,
struggle to forecast FC in a way that both matches the target state and preserves
intrinsic network geometry.

In contrast, deep learning—based generative models learn data distributions
rather than single input—output mappings. Variational Autoencoders (VAEs)[8]
enable latent variable modeling but often produce overly smooth outputs due to
the trade-off between reconstruction accuracy and regularization[10]. Generative
Adversarial Networks (GANs)[7] address this loss of detail via adversarial train-
ing, but suffer from instability and mode collapse[10]. More recently, diffusion
models abandon adversarial training in favor of iterative denoising, yielding sta-
ble, high-fidelity generations|[11, 12|. However, standard diffusion models sample
from pure noise, leading to costly sampling and complex conditioning schemes
in paired translation tasks, which severely undermines training stability[13].

To tackle these challenges, we propose a framework that combines ROI
level representation learning and Brownian Bridge conditional diffusion. First,
a graph attention network compresses high-dimensional functional connectivity
into node-level latent variables, while a structured decoder preserves key geomet-
ric and topological properties of brain networks, simplifying generation. Second,
Brownian Bridge diffusion in a unified latent space models the transformation
from early to late FC, with trajectories naturally constrained by both endpoints
rather than pure noise injection, making it well-suited for source-to-target lon-
gitudinal brain development modeling. Finally, conditioning on age as a guiding
variable enables more precise and developmentally coherent FC generation.

2 Methods

2.1 Graph Attention Autoencoder for Representation Learning

To support latent space diffusion while preserving ROI interactions, we train a
GAT-based autoencoder [14, 15] that encodes functional connectivity into node-
level latent representations for each brain region. The encoder comprises three
GATConv layers with eight attention heads each. From FC € R16x116 5 sparse
graph is constructed by treating each ROI as a node and retaining the top-k
connections (We use k = 30 and ablate k& = 20/60, where k = 20 is comparable
and k = 60 underperforms, indicating a better sparsity—performance trade-off).
Node features are then updated through multi-layer attention as:
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Ultimately, the encoder generates a low dimensional latent representation for
each brain region, yielding Z € R'6*¢ d—64. The decoder employs an outer
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Fig. 1. Overall model architecture.(A) GAT-AE framework with graph attention en-
coder and outer product decoder.(B) Diffusion Bridge. Source and target domains form
the two endpoints of the Brownian bridge. The forward process injects latent-space
noise along a fixed interpolation path; the reverse process predicts the bridge resid-
ual with U-Net to recover the target latent.(C) Noise scheduling strategy.(D) DDIM
jump-step sampling.

product mechanism to reconstruct the functional connectivity matrix, a design
that inherently enforces the symmetry of the resulting output matrix. Specifi-
cally, the decoder first refines node features through an MLP, then reconstructs
functional connectivity via an outer product:

FCrecon = Z' - (Z')T (2)

This approach naturally ensures that the FC matrix is symmetric and that the
diagonal elements are fixed at 1.0 to represent regional autocorrelation.

2.2 Brownian Bridge Diffusion for Generation

Brownian bridge is a continuous stochastic process conditioned on two endpoints.
Given an initial state g and a terminal state xp, the marginal distribution of
an intermediate state x; can be expressed as:

¢ (20 | z0,20) = N (a:t; (1 - ;) 20 + %xT, t(TT_t)I> 3)
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Recently, Brownian bridge processes have been extended to image-to-image
translation [13,19, 20]. To model FC matrices, we perform Brownian bridge dif-
fusion in the latent space of the autoencoder, where g = 2jate and ¥y = Zearly
denote late and early-stages of FC latents, respectively. The conditional distri-
bution is:

q (x| zo,y) =N (x5 (1 — me)zo + mey, 6:1) (4)

where 0 < ¢t < T and m; = % € [0,1]. The forward bridge maps xy = zjate tO
Y = Zearly, While the reverse process predicts =y from y, corresponding to the
early to late prediction setting.

In noise scheduling, the bridge variance is required to vanish at both end-
points and peak at an intermediate step. However, the original Brownian bridge
variance @ reaches % att = %, which increases with the number of diffusion
steps and may destabilize training. Following the bounded variance principle in

DDPM [16] and VPSDE [17], we adopt a quadratic variance schedule:

5t = QS(mt — mf) (5)

where S controls the bridge noise scale. This variance peaks at (m; = %) while
vanishing at both endpoints.
Conditional design: Variables related to age are jointly encoded as ¢ =
(a8Cearly A8Clate ACHifE) ALCratio) fOr efficient multidimensional conditioning.
Training: Given £yp = Zlate and ¥ = Zearly, the intermediate state ; is sampled
from the Brownian bridge distribution as:

Ty = (1 — mt)l'o + my + 5t57 g~ N(O,I) (6)

The neural network fy is trained to estimate the Brownian bridge residual z;—xy.
Therefore, the diffusion training objective is:

Laiw =B [€(folwest,c),muly — w0) + Vo )] ()

Inference: Given the observed early stage latent y = Zearly, the target late
stage latent is recovered by subtracting the predicted Brownian bridge residual
from x;:

i‘O:rrt_fG'(xhtac) (8>
The reverse transition is formulated as:

Do (zt—l |xt7 Y, C) = N (zt—l; He (xta tv Y, C)7 Ut2—>t—1]:) (9)

The transition variance term is defined as:

1—-m 2
(WA@QA(t> (10)

T—my
The posterior sampling variance is:

O¢t—10t—1
O i1 = tltT (11)



Age Conditional Longitudinal Forecasting 5

Unlike DDPM, the Brownian bridge starts generation from the early FC
latent rather than pure noise, with age covariates guiding the reverse process.
Specifically, x;_1 is obtained through probabilistic sampling as follows:

zi—1 = M)z + Ao (H)y — A3(t) fo (@i, b, €) + 0111 (12)
For compact notation, we define the posterior correction coefficient as:

Op—1  1—my

Pti—1 = (13)

Oy . 1—my_ .
The corresponding time-dependent coefficients are:

)\1(t> =1- me—1 + mepPtt—1,
Xo(t) = my—1 — mypyi—1, (14)

As(t) = (1 —my_q) - 6t|5t71
t

The three weights A1 (t), A2(t), and A3(t) control the contributions of the current
state xy, the starting point y, and the Brownian bridge residual predicted by
fo(xe, t, ¢) to the next state ;1. This update preserves the endpoint-constrained
bridge structure while allowing both age conditioning and model predictions to
guide the reverse generation process.

Furthermore, to improve inference efficiency, we adopt a non-Markovian sam-
pling strategy [18] that allows the Brownian bridge process to be inferred using
only a subset{z,,...,z:, tof time steps.

3 Experiments and Discussions

3.1 Dataset

This study analyzed longitudinal data from the Chinese Color Nest Project
(CCNP) [21,22], including 207 healthy participants aged 6-18 years. After qual-
ity control, 393 resting-state fMRI scans were preprocessed using standard pro-
cedures. Longitudinal training data were generated by pairing all within-subject
scans across sessions, resulting in 1,380 sample pairs from 159 subjects, each
consisting of functional connectivity matrices from two time points and their
corresponding ages.

3.2 Comparative Experiments

In the generation phase, we compared the proposed method with three rep-
resentative generative models, including DDPM, GAN, and RealNVP, under
identical settings. Paired t-tests across 5-fold cross-validation assessed between-
method differences, with p-values reported in Table 1. Our method achieved the
best overall performance across all metrics. It obtained the lowest MSE (0.29),
representing a 35.6% reduction compared to DDPM, and achieved the highest
PCC (0.63) and SSIM (0.50), demonstrating superior reconstruction accuracy
and structural consistency.
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Table 1. Comparison with existing generative methods.

Models MSE PCC SSIM Cos-Sim
DDPM [12]  0.45 4+ 0.037  0.60 £ 0.01" 0.42 +0.01"  0.95 + 0.002"
GAN [7] 0.40 + 0.02™"  0.59 + 0.01°  0.47 £ 0.01""  0.94 £ 0.002"

RealNVP [23] 0.42 £ 0.003"" 0.61 £ 0.003" 0.43 &+ 0.004™"  0.95 + 0.001"
Ours 0.29 + 0.02 0.63 + 0.01 0.50 = 0.01  0.96 =+ 0.003

" p<0.05 i p<0.01; 7 p < 0.001

3.3 Ablation Experiments

We analyze the contribution of the AE by comparing two variants: without AE
and with VAE. Removing AE causes a large performance drop (MSE 0.57, SSIM
0.23), indicating the necessity of low-dimensional representations for diffusion.
Replacing AE with a VAE improves results (MSE 0.31, SSIM 0.45) but remains
inferior to ours (MSE 0.29, SSIM 0.50), likely because stochastic sampling in
VAEs degrades structural fidelity, while AEs better preserve patterns.

Table 2. Ablation Study of Model Components and Key Design Choices

Items MSE PCC SSIM Cos-Sim

50 steps  0.31 + 0.02 0.62 + 0.01 0.47 0.0 0.95 + 0.003

Sampling 100 steps  0.33 £ 0.06  0.60 £ 0.03 0.47 + 0.03 0.95 & 0.003
Steps 200 steps 0.29 4 0.02 0.63 + 0.01 0.50 + 0.01 0.96 -+ 0.003

1000 steps  0.31 + 0.02  0.62 = 0.01 0.48 + 0.01  0.95 + 0.002
7777777777 Z—16  0.32+0.02 059 +0.01 045+ 0.02 0.95 =+ 0.003

7-32 0314003 062+ 001 047+ 0.001 0.95+ 0.002
Z—64 0.29 + 0.02 0.63 4 0.01 0.50 + 0.01 0.96 -+ 0.003
7777777777 S=05 030 £0.02 0624001 048 +0.01 095+ 0.002
Noise Schedule S=1.0 0.29 4 0.02 0.63 «+ 0.01 0.50 & 0.01 0.96 + 0.003

Strategy S=2.0  0.35+0.05 0.60+002 046+ 0.02 0.95+ 0.003

S=4.0  0.33+0.33 0.60+0.01 046001 095+ 0.003
 W/oAE 0574004 0.39+0.01 0.23=+0.002 0.86+ 0.008

AESVAE 031+ 0.04 0.62 + 0.006 0.45 4 0.01  0.95 + 0.002

Ours 0.29 + 0.02 0.63 + 0.01 0.50 + 0.01 0.96 + 0.003

Latent
Dimensionality

Module
Ablation

We further study the impact of sampling steps (50, 100, 200, 1000). As the
number of sampling steps increases, generation quality steadily improves and
reaches its optimum at 200 steps. When the number of steps exceeds 200, per-
formance remains nearly unchanged, while increasing to 1000 brings little addi-
tional gain but substantially increases sampling time.
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We evaluate the scaling factor s in the Brownian Bridge noise schedule (Eq.
5) with s € {0.5,1,2,4}. As s increases, all four metrics deteriorate. This obser-
vation agrees with our discussion in the Methods, where adopting the original
variance formulation of the Brownian Bridge yields an overly large peak variance
and thus prevents meaningful sample generation.

Finally, we evaluate three latent dimensionalities (16, 32, 64). As the latent
dimension increases, reconstruction performance consistently improves: MSE de-
creases from 0.32 to 0.29, PCC rises from 0.59 to 0.63, and SSIM from 0.45 to
0.50, suggesting that higher dimensional latent spaces provide greater represen-
tational capacity and are more suitable for stable diffusion modeling.

3.4 Performance Comparison Across Brain Atlases

We fixed the latent dimension to 64 and compared three atlases (AALI116,
CC200, CC400). This experiment evaluates the parcellation most suitable for our
method and examines the effect of atlas granularity on performance. AAL116
achieved the best overall performance (Table 3), whereas both CC atlases yielded
lower overall results. Finer atlases fragment coherent regions, increase noise and

Table 3. Performance Comparison of the Model Across Different Brain Region Atlases

Atlases MSE PCC SSIM Cos-Sim

AAL116 0.29 + 0.02 0.63 £0.01 0.50 & 0.01 0.96 £ 0.003
CC200 0.37 £ 0.03 0.47 £0.01 0.37 +£0.01 0.93 £+ 0.002
CC400 0.33 £ 0.03 0.49 £0.01 0.39 & 0.01 0.91 £ 0.002

inter-individual variability, and and the fixed 64 dimensional latent space may
not adequately represent the increased number of brain regions; in contrast, the
anatomically defined AAL116 offers more stable regional boundaries than the
functionally defined CC atlases.

3.5 Longitudinal Comparative Validation

To assess whether the predicted developmental trajectories exhibit physiologi-
cally plausible changes, we used the similarity between empirical early-age and
late-age FC as a baseline, reflecting the natural differences in functional con-
nectivity observed across developmental stages. We then compared this baseline
with the similarity between empirical early-age FC and model-generated late-
age FC. Across all three atlases, the generated late-age FC showed similarity
levels comparable to the empirical baseline (Table 4). For instance, under the
AAL116 atlas, the PCC was 0.61 for generated results versus 0.63 for the base-
line, with identical cosine similarity values (0.93). These results indicate that the
model captures a realistic magnitude of age-related change without introducing
exaggerated or attenuated deviations.
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To examine early-FC copying, we treat Raw vs. Raw as an early-copy base-
line, where early FC is directly used as predicted late FC, i.e., FCjate = FCoearly-
This strong baseline reflects subject-specific FC stability, yielding a PCC of 0.63
under AAL116. Compared with it, our model retains comparable PCC while im-
proving MSE, SSIM, and Cos-Sim from 0.56,/0.46,/0.93 to 0.29,/0.50/0.96, better
matching true late-age FC rather than reproducing the input.

Table 4. Longitudinal Validation Results of Model-Generated Functional Connectivity

Atlases PCC SSIM Cos-Sim
Raw vs Raw (Baseline)  0.63 £0.13 0.47 £ 0.15  0.93 &+ 0.04

AALLL6 Raw vs Model-Generated 0.61 £ 0.14 0.45 = 0.15 0.93 &+ 0.04
o 7070505 ~ Raw vs Raw (Baseline) ~ 0.56 &= 0.13  0.44 + 0.15  0.90 + 0.06
Raw vs Model-Generated 0.50 & 0.17 0.40 £ 0.18 0.90 & 0.06
o 70702105 ~ Raw vs Raw (Baseline) ~ 0.56 = 0.12 0.43 + 0.15 0.88 £ 0.07

Raw vs Model-Generated 0.53 £+ 0.17 0.42 £ 0.18 0.88 4+ 0.07

3.6 Identification of Developmentally Critical Brain Regions

We assessed developmental plausibility by comparing age—connection correla-
tions between ground-truth and reconstructed AAL116 FCs (FDR-corrected,
g < 0.05) [27]. Based on these connections, developmental hub regions were

L / X R

P

¥ Trey |
7 \ o y%‘\' AN
27 £
. ;‘\;!i;.;
oY

\Qg"’%«\g' éﬁi zaf*/g’«t;
G . 3 4

Fig. 2. Identified key brain regions[26]. Blue nodes represent brain regions, and red
edges denote their age-related functional connections.

identified using an involvement rate, defined as the proportion of age-related
connections per region. Notably, the identified hubs were predominantly located
in higher-order cognitive networks, including the posterior cerebellum (e.g., Crus
I/11 and lobules VIII-X [34]), default mode-related temporal regions, and senso-
rimotor association areas [28-30], consistent with previous neurodevelopmental
findings. In particular, the prominence of posterior cerebellar regions supports
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emerging evidence for the cerebellum’s role in cognitive and social maturation
beyond motor control [31-33]. Overall, these results are consistent with prior ev-
idence of selective functional reorganization during adolescence, suggesting that
the proposed model learns biologically meaningful developmental patterns.

4 Conclusion

This study integrates GAT-AE with Brownian Bridge diffusion for developmental
FC prediction. GAT-AE preserves FC topology in a low dimensional space, while
Brownian Bridge diffusion enables age-conditioned prediction between source
and target domains. Comparative and longitudinal analyses support its effec-
tiveness and its ability to capture biologically plausible developmental patterns.
Future work will expand the dataset through augmentation strategies (e.g., noise
perturbation, masked occlusion) to further enhance FC prediction accuracy.
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