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Abstract

Functional brain graphs are often characterized with separate graph-theoretic or spectral
descriptors, overlooking how these properties covary and partially overlap across brains
and conditions. We anticipate that dense, weighted functional connectivity graphs occupy
a low-dimensional latent geometry along which both topological and spectral structures
display graded variations. Here, we estimated this unified graph representation and en-
abled generation of dense functional brain graphs through a graph transformer autoencoder
with latent diffusion, with spectral geometry providing an inductive bias to guide learning.
This geometry-aware latent representation, although unsupervised, meaningfully separated
working-memory states and decoded visual stimuli, with performance further enhanced by
incorporating neural dynamics. From the diffusion modeled distribution, we were able to
sample biologically plausible and structurally grounded synthetic dense graphs.

Keywords: Graph Generative Model, Latent Diffusion, Functional Connectivity

1. Introduction

Large-scale functional brain systems are modeled as weighted graphs via statistical depen-
dencies between distributed neural signals, i.e., functional connectivity (FC) (Biswal et al.,
1995; Hallquist and Hillary, 2018). Classical graph-theoretic methods have effectively re-
vealed the small-world, modular and hub-dominance architecture of FC graphs (Achard
et al., 2006; Meunier et al., 2010), while graph spectral decomposition has complementarily
identified low-frequency, computationally meaningful eigenmodes anchoring cortical orga-
nization (Margulies et al., 2016). Rather than summarizing functional brain graphs with
separate topological and spectral descriptors, we propose learning a unified connectome em-
bedding within a geometrically organized and generative latent space, such that movements
in this space mirror structured transformations in graph topology and spectral gradients.

Current graph learning in connectomes is largely discriminative, with embedding strate-
gies often adopting fixed density sparsification that equalises edge counts across graphs and
may obscure global weight geometry (Li et al., 2021; Thapaliya et al., 2025; Wang et al.,
2025). Instead, we learn a compact graph-level embedding from dense, weighted connec-
tivity through joint node–edge encoding, using spectral geometry as inductive bias. A
unified whole-brain representation provides geometric underpinnings of cognitive states and
coordinates along which complex brain conditions vary smoothly.
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For generation, we model the distribution of the learned embeddings with latent diffusion
rather than operating on raw graphs (Rombach et al., 2021; Zhou et al., 2024). This
mitigates challenges of non-Gaussian edge distributions and edgewise generation burdens,
while allowing traversal within the interpretable latent geometry before decoding to dense
FC graphs. Sampling structurally grounded brain graphs from this latent geometry then
enables data augmentation and mechanistic explorations of connectivity-to-computation
with connectome-constrained neural networks (Lappalainen et al., 2024; Suárez et al., 2024).

2. Methods

2.1. Problem set-up

We define each individual brain as a dense graph G = (W,X) with weighted adjacency W ∈
RN×N and node features X∈RN×F . The objective was an unsupervised learning, through
a transformer-based autoencoder, of a graph-level latent representation zg ∈Rdg that: (1)
is geometrically organized with graded variations along spectral and graph-theoretic axes
with edge-aware encoding and spectral geometry inducting the representation; (2) supports
downstream decoding of cognitive states despite being unsupervised; and (3) enables a
generative prior through diffusion on zg. We used Human Connectome Project resting-
state and working-memory (WM) fMRI data (Essen et al., 2013).

2.2. Edge-conditioned self-attention encoder

We mapped (W,X) 7→ zg with L edge-conditioned transformer layers similar to (Ma et al.,

2023). Node and edge initializations followed h(0) = XWinit, e
(0)
ij = WijEinit ( i, j index

nodes). At layer l, we constructed queries, keys, and values as Qi=hiWQ, Ki=hiWK ,
Vi=hiWV and computed edge-conditioned logits

êij = GELU
(
ρ
(
(Qi+Kj)⊙ (eijEw)

)
+ (eijEb)

)
, αij = softmaxj

(
êij ·wA√

dk

)
, (1)

with ρ(x) = sign(x)
√
|x|+ ϵ for stabilization. Values injected edge information with mi =∑

j αij

(
Vj + (êijEv)

)
. Multi-head outputs were updated through residual connections and

feedforward networks for node and edge representations. After Le layers, we obtained
hLe ∈RN×dh and pooled with global attention

α = softmax
(
tanh(hLeWpool) · cpool

)
, s =

N∑
i=1

αih
Le
i , zg =Wµs+ bµ. (2)

2.3. Cross-attention graph decoder

We reconstructed Ĝ = (Ŵ , X̂) from the highly compressed zg using a proposed memory
mechanism. We define a learnable memoryM ∈ RN×dm , whereMi is a persistent embedding
for node i. The memory M acts as a learned prior over regional characteristics and typical
inter-regional affinities. Cross-attention uses zg as a routing signal that selectively retrieves
and combines these priors to instantiate a graph-specific realization. Here, keys and values
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were constructed asK =MWK and V =MWV , with node state initialized as h(0)=MWinit.
At decoder layer l,

Qi =Wq,zzg +Wq,hhi, αij = softmaxj

(
Qi·Kj√

dk

)
, mi =

∑
j

αijVj , (3)

followed by residual and feedforward updates. After Ld layers we derived node representa-
tions ri = ϕr(h

Ld
i ) and reconstructed

X̂i = ϕX([ri; zg]), Ŵij = ϕE([ri; rj ; ri ⊙ rj ; |ri−rj |; zg]). (4)

2.4. Latent diffusion on zg

After training the autoencoder deterministically, we trained a denoising diffusion proba-
bilistic model (Ho et al., 2020) on zg with a linear noise schedule {βt}Tt=1: q(zt|zt−1) =
N (

√
1− βt zt−1, βtI), with the denoising network ϵθ trained on Et,z0,ϵ∥ϵ− ϵθ(zt, t)∥2. Sam-

pling ran the reverse process to obtain z0; the decoder was frozen to map z0 7→ (Ŵ , X̂).

3. Results

3.1. Resting-state graph learning and latent space

We compared dense FC graph reconstruction using three node feature sets: spectral em-
beddings via diffusion maps (first ten functional gradients) (Margulies et al., 2016); graph
features (degree, clustering, participation coefficients); and edge-only encoding. We in-
cluded a baseline graph convolutional autoencoder (GAE) with spectral embeddings. Spec-
tral geometry improved learning (Figure 1A; edge MSE=0.012, R2=0.80) compared to
graph features (MSE=0.017, R2=0.74), edge-only (MSE=0.016, R2=0.74), and the base-
line GAE (MSE=0.018, R2=0.72). The latent zg captured graded variations in spectral
domains—association-sensory (ψAS) and visual-sensorimotor (ψV S) patterns quantified by
gradient ranges, and graph-theoretic properties including mean degree, modularity, and
small-worldness (Figure 1B).

3.2. Task-state graph learning and cognitive state separability

For heterogeneous task FC graphs, spectral embeddings (d=10/30) achieved superior recon-
struction (MSE=0.032/0.029, R2=0.67/0.71) versus graph features and edge-only encoding
(MSE=0.044, R2=0.55/0.56), and GAE (d=30; MSE=0.049, R2=0.51; Figure 1C). The
unsupervised latent space separated cognitive states; SVM on zg classified 0- vs 2-back
WM loads with 80% accuracy (AUC=0.87), and visual stimuli (4 types) presented during
WM tasks with 60.9% (0-back) and 66.6% (2-back) accuracies. Further embedding neural
activities improved classification to 86% (AUC=0.93) for cognitive load and 73.9%/70.6%
for visual stimuli (Figure 1D).
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Figure 1: (A) Resting-state FC graph reconstruction comparing spectral, graph features,
edge-only encodings and baseline. (B) Latent space color coded by spectral
prominence (of association-sensory and visual-sensorimotor gradients) and global
graph properties. (C) Task-fMRI FC reconstruction across different feature en-
codings. (D) UMAP showing cognitive load and stimulus type separation in zg.

3.3. Latent diffusion and brain graph generation

We modeled p(zg) through diffusion on the pre-trained encoder’s latent space from resting-
state FCs (Figure 2A), then sampled and generated new dense FC graphs (Figure 2B).
Generated graphs exhibited structured variations along the latent distribution; for instance,
samples from high association-sensory (AS) dominance region displayed an extended AS axis
in generated spectral gradients and greater AS system segregation in generated connectiv-
ity (Figure 2B). Distributions of graph statistics including mean degree across nodes (KS
statistic=0.037, p=0.99), degree standard deviation (KS=0.079, p=0.51), and modularity
(KS=0.098, p=0.25) aligned between test and generated sets (Figure 2C).
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Figure 2: (A) Latent space of resting-state FC colored by association-sensory gradient
(ψAS) prominence and diffusion-learned distribution p(zg). (B) Example gen-
eration of low- and high-ψAS prominence spectral embeddings and connectivity
matrices. (C) Distribution alignment of graph statistics (mean degree, degree
variability, modularity) between test and generated sets.

4. Conclusions

This work presents a functional brain-graph learning framework that maps smooth vari-
ations in spectral and topological structure through a compact latent geometry. Spectral
embeddings as node features strengthened graph learning, especially for heterogeneous task-
based graphs. In addition to being geometrically aware, this unsupervised latent space
demonstrated functional relevance by meaningfully separating working-memory loads and
stimulus types from task graphs. Diffusion sampling from this space generated graphs whose
statistics aligning with real graphs. Future work will systematically map extended cognitive
states and disease conditions to establish the geometry’s functional significance, developing
dual representation connecting graph structure with behavioral and clinical domains.
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Appendix A. Extended Methods

Subjects and connectivity graphs. Functional MRI data from 1067 subjects were
available. Training and test splits (80/20) were performed on subject indices and fixed
across all training and analyses (including the transformer-autoencoder, diffusion model,
and cognitive-state classifiers), resulting in 853 training and 214 test subjects with no subject
overlap. For the working memory (WM) task, each subject’s time series was partitioned
into eight segments corresponding to task-block conditions (2 cognitive loads * 4 stimulus
types). Functional connectivity (FC) matrices were computed as the Pearson correlation
of regional time series under a 64-region parcellation. Therefore, the resting-state dataset
contains one FC matrix per subject, whereas the WM dataset contains eight matrices per
subject, all adopting the same subject-wise train–test split.

Spectral embeddings. Pairwise affinity A for each FC matrix was computed using
normalized angle kernel. To extract the eigenmodes, we first constructed a kernel K =
D−αAD−α, where D is the degree matrix Dii =

∑
j Aij , and α = 0.5, approximat-

ing Fokker–Planck diffusion. A Markov diffusion operator was then computed as P =(∑
j Kij

)−1
K, whose eigenvectors were scaled with multiscale eigenvalue aggregates,

∑∞
t=1 λ

t
k =

λk/(1− λk), producing the set {ψk} that defines functional gradients (Figure 3).
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Figure 3: Diffusion-map embeddings (first two gradients). The ψAS continuously spans
from transmodal association to unimodal sensory networks, while ψV S separates
lower-order visual and somatosensory/motor systems.

The hierarchical organization captured by each gradient can be quantified through its
diffusion range, range(ψk) = max(ψk) −min(ψk). Greater range corresponds to more pro-
nounced differentiation and steeper transition across network components. To establish
correspondence between individual and group-level embeddings, we used orthogonal Pro-
crustes alignment preserving individual geometric structures while ensuring comparable
dimensions. The group template was computed strictly from the resting-state training set
(mean FC) and adopted in all gradient computations.

Feature normalizations. For each training pipeline (rest and WM), all node features
were normalized using statistics from the training set only and then applied unchanged to
the test set. For spectral embeddings, all dimensions were scaled by a single global training
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standard deviation to preserve the eigenvalue induced relative scaling and hierarchy across
dimensions.

Graph transformer autoencoder loss function. For a batch {(X(b),W (b))}Bb=1 with

reconstructions (X̂(b), Ŵ (b)), we minimized the weighted mean-squared error on nodes and
edges:

L =
1

B

B∑
b=1

λx 1

nd

n∑
i=1

d∑
k=1

(
X

(b)
ik − X̂

(b)
ik

)2
+ λa

1

n2

n∑
i=1

n∑
j=1

(
W

(b)
ij − Ŵ

(b)
ij

)2 .
Appendix B. Extended Results

Function–geometry dual representation. When embedding FC graphs from the seven
cognitive tasks, a linear probe on the learned latent representation zg achieved 85% accuracy
(Figure 4A,B). Geometrically, the latent space displayed a radial integration–segregation
organization, where the latent distance to the centroid (r = ∥zg − z̄∥2) correlated with
modularity (ρ = 0.34), small-worldness (ρ = 0.44), and mean clustering coefficient (ρ =
0.53). Peripheral positions in latent space therefore corresponded to more segregated net-
work configurations. Functionally, this global axis further branched, where greater eigen-
mode prominence—i.e., more segregated organization along association–sensory, visual–
sensorimotor, and attention/frontoparietal–default mode gradients—occupied distinct re-
gions of the latent space according to the cognitive task performed (Figure 4C).
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Figure 4: (A) Latent space embedding zg of FC graphs from seven cognitive tasks. (B)
Confusion matrix for linear classifier on test set zg. (C) Radial integration–
segregation origination in zg.
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Latent diffusion quality. For assessing the quality of latent diffusion prior, we compared
the original training distribution against the diffusion generated set. The median KS statis-
tic across latent dimensions was 0.040, with all dimensions having p > 0.05. The covariance
structure across latent dimensions was also accurately preserved, with a correlation of 0.99
between training and generated sets (Figure 5B).
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Figure 5: (A) Linear noise scheduler showing the signal retention
√
ᾱt across diffusion steps

t, with the corresponding forward noising process in latent space. (B) The co-
variance structure of latent dimensions in the original training and generated
sets.
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