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Abstract

Structured health data often arrive as multi-
variate time series whose relational structure
is unknown, subject-specific, and time-varying.
Resting-state fMRI is a salient example: regional
BOLD signals provide high-dimensional physio-
logical measurements, but standard functional-
connectivity pipelines usually impose a static
Pearson-correlation graph. We propose Un-
supervised Dynamic Graph Structure Learning
(UDGSL), an unsupervised framework that infers
a sequence of adjacency matrices directly from
windowed fMRI time series. A temporal learner
estimates region-region similarities for each win-
dow; a GCN encoder and decoder use the learned
graph to reconstruct regional signals, yielding dy-
namic graph representations without labels or pre-
defined connectivity. We evaluate UDGSL on
HCP S1200 resting-state fMRI across AAL1 and
Brainnetome parcellations. Compared with the
best non-UDGSL MLP/LSTM baseline, UDGSL
reduces reconstruction MSE by 24-32%; relative
to Pearson-correlation graphs, learned graphs re-
duce forecasting MSE by 26-28% and improve
subject-level classification accuracy by 5-7 abso-
lute points. These results suggest that unsuper-
vised graph structure learning can recover useful
latent organization in complex physiological time
series. We interpret the learned graphs as predic-
tive, data-driven relational representations rather
than causal or clinical connectivity estimates, and
discuss extensions to signed and static-dynamic
graph models.
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Preliminary work. Under review by the International Conference
on Machine Learning (ICML). Do not distribute.

1. Introduction
Graph-based approaches provide a natural framework for
modeling brain systems, where nodes represent regions and
edges encode relationships derived from fMRI time-series
(Bullmore & Bassett, 2011; Fornito et al., 2016; Smith et al.,
2011). This makes fMRI a useful instance of a broader
structured-health-data problem: multivariate physiological
signals often contain latent, evolving dependencies that are
not directly observed. A central challenge in this setting is
how to construct the underlying graph. In particular, conven-
tional pipelines rely on predefined measures such as Pearson
correlation (Smith et al., 2011), often computed over the
entire time-series, resulting in static graphs that fail to cap-
ture the inherently time-varying nature of brain interactions
(Preti et al., 2017; Allen et al., 2014). Graph Structure
Learning (GSL) (Zhu et al., 2021; Kalofolias et al., 2017)
offers an alternative by inferring the graph directly from data
rather than imposing it a priori (Wu et al., 2022). This is
especially relevant in the context of dynamic functional con-
nectivity, where interactions between brain regions evolve
over time and cannot be adequately described by a sin-
gle connectivity matrix. Existing approaches typically rely
on sliding-window correlations or biophysical models, but
these methods either depend on sensitive hyperparameters or
require strong assumptions about the underlying neural dy-
namics (Hutchison et al., 2013). In this work, we propose an
Unsupervised Dynamic Graph Structure Learning (UDGSL)
framework to infer time-varying brain graphs directly from
fMRI signals from the Human Connectome Project (HCP)
S1200 release (Van Essen et al., 2013). Our method lever-
ages a GNN-based encoder–decoder architecture to jointly
learn latent representations and dynamic adjacency matri-
ces from preprocessed regional BOLD time-series. By
avoiding predefined connectivity measures, the model cap-
tures evolving spatial–temporal dependencies in a fully data-
driven manner. Compared to traditional correlation-based
approaches, our framework improves reconstruction, fore-
casting, and subject-level classification, highlighting the
value of learning relational structure directly from complex
structured health time-series rather than imposing a fixed
graph a priori.
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2. Material and Methods
We propose Unsupervised Dynamic Graph Structure Learn-
ing (UDGSL), a framework that learns time-varying graph
structures from fMRI time-series while reconstructing the
input signal. Given a subject-specific signal Xi, the model
is trained by minimizing the reconstruction loss:

Lrec(X
i, X̂i) =

1

NW

NW∑
t=1

∥Xi(t)− X̂i(t)∥22, (1)

where NW is the number of temporal windows and X̂i(t)
denotes the model reconstruction of the input signal at time
window t.

2.1. UDGSL Model

The model consists of three components: a learner fl, an
encoder fe, and a decoder g. Given a windowed signal
XW ∈ RNW×W×V , the learner extracts temporal features
independently for each brain region using temporal con-
volutions. These features are used to compute pairwise
similarities, producing a symmetric, non-negative adjacency
matrix A(t) for each time window. Node features are fixed
(one-hot encoding of regions), so structural information is
primarily captured by the learned adjacency matrices.

The encoder fe, implemented as a Graph Convolutional
Network (GCN), processes the dynamic graphs:

H(t) = fe(A
(t), F (t)), (2)

and the decoder g reconstructs the input signal:

X̂(t) = g(H(t)). (3)

The model is trained end-to-end to reconstruct the original
time-series, learning dynamic graph representations without
predefined connectivity measures.

The hyperparameter search space and selected values are
reported in Appendix B.

2.2. Time-series Reconstruction

The primary training objective is to reconstruct the input
signal, making the approach fully unsupervised. The model
learns adjacency matrices that encode relationships between
regions useful for representing temporal dynamics. No
external labels or prior graph structure are required.

2.3. Dynamic Node Prediction

To evaluate the learned graph structure, we perform a fore-
casting task. For each time step, node embeddings are
computed using a GCN:

Z(t) = GCN(A(t), X(t)), (4)

and passed through a recurrent model to capture temporal
dependencies:

H(t) = RNN(Z(t), H(t−1)). (5)

Predictions of future node features are obtained via an MLP:

X̃(t) = MLP(H(t)), (6)

and optimized using mean squared error with respect to the
next time step.

2.4. Graph Classification

For graph-level tasks, node embeddings are aggregated us-
ing average pooling:

HG =
1

|V |
∑
i∈V

Hi, (7)

and passed to an MLP for classification:

Ŷ = MLP(HG). (8)

The model is trained using cross-entropy loss. In our experi-
ments, this setup is used for subject-level prediction.

3. Results
The primary task used to derive the data-driven adjacency
matrices is time-series reconstruction. The resulting learned
adjacency sequences are subsequently evaluated in two
downstream tasks to assess their representational power. All
the experiments are performed on the HCP Dataset. More
details about the dataset can be found in Appendix A.

3.1. Time-series Reconstruction

Results for the reconstruction task are shown in Fig. 1 (top)
and Table 1. Node features F are defined as one-hot encod-
ings of brain regions, providing minimal prior information.

We compare our approach against standard baselines cap-
turing spatial (MLP), temporal (RNN), and spatio-temporal
(RNN+MLP) dependencies. We report parameter counts for
all baselines to contextualize model capacity; UDGSL is
not larger than the competing MLP/LSTM models.

UDGSL achieved the best performance on both parcella-
tions across all reported reconstruction metrics. These re-
sults suggest that explicitly learning dynamic graph struc-
ture helps capture spatial and temporal dependencies more
effectively than the tested non-graph baselines.

3.2. Dynamic Node Prediction

We assess the learned adjacency matrices on a node predic-
tion task using the model from Section 2.3. Node features
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HCP AAL1
Model # params MSE MAE SMAPE PCC
MLP 81268 0.542 0.567 1.139 0.614

LSTM 141484 0.496 0.543 1.071 0.665
LSTM+MLP 102468 0.550 0.571 1.145 0.605

UDGSL 45273 0.379 0.468 0.933 0.760
HCP Brainnetome

Model # params MSE MAE SMAPE PCC
MLP 154718 0.586 0.594 1.189 0.572

LSTM 250814 0.552 0.574 1.138 0.605
LSTM+MLP 136918 0.591 0.597 1.192 0.567

UDGSL 51773 0.376 0.467 0.931 0.762

Table 1. Time-series reconstruction results. Best values in bold.
Results are averaged over 10 seeds; standard deviations are omitted
for readability (all ≤ 0.004, i.e., ≲1% of the mean).

correspond to the original BOLD signals within each time
window, and the objective is to predict future normalized
BOLD signals from past embeddings. Among the tested
RNN variants, the GRU achieved the best performance.

Representative forecasts are shown in Fig. 1 (middle), while
quantitative results for both parcellation schemes are re-
ported in Table 2, alongside Pearson-correlation baselines.
Averaged over 10 random seeds, UDGSL consistently out-
performs the Pearson approach on all metrics.

HCP AAL1
Adj MSE PCC MAE SMAPE

Pearson 0.677 0.344 0.646 1.213
UDGSL 0.487 0.366 0.531 1.012

HCP Brainnetome
Adj MSE PC MAE SMAPE

Pearson 0.674 0.314 0.646 1.210
UDGSL 0.501 0.328 0.545 1.038

Table 2. Time-series forecasting results. Best results in bold.
Results are averaged over 10 seeds; variability is low (≤ 4%) and
omitted.

3.3. Graph Classification

We further evaluate our adjacency matrices on a graph clas-
sification task, performing gender classification on the HCP
dataset using the models from Section 2.3 and Section 2.4,
with one-hot encodings as node features. Among the tested
RNN variants, LSTM performs best for Brainnetome, while
GRU is optimal for AAL1.

Results for both parcellations, along with comparisons to
Pearson-based adjacencies, are reported in Table 3 and Fig. 1
(bottom).

We assess first-order stochastic dominance (FSD) (Hadar
& Russell, 1969) using empirical CDFs of test accuracies
across runs. For AAL1, the dominance statistic is S =
0.70 (p = 0.009, 1000 permutations), with a null 95%
range of [0.00, 0.50] and a large effect size (d = 1.58). For

Brainnetome, we obtain S = 0.65 (p = 0.002), with the
same null range and a similarly large effect size (d = 1.52).
Consistent results across parcellations indicate robustness
to variations in the number of nodes.

HCP AAL1
Adj Accuracy F1 Precision Recall

Pearson 0.72 ± 0.01 0.74 ± 0.02 0.74 ± 0.02 0.75 ± 0.04
UDGSL 0.79 ± 0.01 0.80 ± 0.01 0.83 ± 0.02 0.78 ± 0.02

HCP Brainnetome
Adj Accuracy F1 Precision Recall

Pearson 0.69 ± 0.01 0.69 ± 0.01 0.68 ± 0.01 0.76 ± 0.03
UDGSL 0.74 ± 0.01 0.74 ± 0.02 0.78 ± 0.02 0.78 ± 0.04

Table 3. Gender classification task with different adjacency matrix
embeddings. Mean and standard deviations over 10 seeds. Best
results for each metric are shown in bold.

4. Discussion and Conclusions
We introduced a deep learning framework for learning latent,
time-varying structure directly from multivariate fMRI time-
series. Unlike approaches based on predefined connectivity
or known graphs, our method infers interaction structure
from the data, enabling flexible and adaptive representations
of complex dynamics.

More broadly, the approach applies to structured health
time-series where relational organization is not explicitly
available but expected to be informative, such as physio-
logical monitoring, wearable sensing, and electronic health
records. In these settings, the model acts as a structure dis-
covery mechanism that jointly learns representations and
an adaptive notion of relationships without requiring a pre-
defined graph. By learning structure in an unsupervised
manner, the model supports downstream tasks such as pre-
diction and representation learning while remaining agnostic
to fixed topologies. This is particularly relevant in health-
care, where uncovering latent dependencies can improve
predictive performance and yield interpretable insights into
complex physiological systems.

The learned representation provides a compact, structure-
aware embedding that can be directly used in downstream
tasks. Importantly, the inferred adjacency matrices should
be interpreted as predictive relational representations rather
than causal estimates or validated clinical biomarkers.

Despite these advantages, the current formulation has lim-
itations. UDGSL is intrinsically dynamic and not di-
rectly suited for static connectivity analyses, and the non-
negativity constraint prevents explicit modeling of signed
interactions such as anticorrelations.

Future work may address these limitations by incorporating
joint static–dynamic modeling and signed or mixed-sign ad-
jacency representations, enabling richer relational modeling
in healthcare time-series.
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Figure 1. (Top row): Time-series reconstruction. For three representative ROIs, we show the reconstructed signals from our model
(orange) and the same model using Pearson correlation adjacency matrices (green), compared to the original signal (blue). (Middle row):
Node feature prediction. The grey-shaded area represents the prediction interval. The models are trained on the preceding time window
and tasked with forecasting the brain activity (blue), based on either our learned graph embeddings (orange) or Pearson ones (green).
(Bottom row): Gender classification. Left: classification accuracy (± std) across two parcellations (AAL1 and Brainnetome), comparing
our learned adjacency matrices (orange) to Pearson-based ones (green). Center and right: Empirical Cumulative Distribution Function
(ECDF) plots from the first-order stochastic dominance test, showing that our model significantly outperforms the Pearson baseline in
both parcellations.
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A. HCP Data
We use the Human Connectome Project (HCP) dataset (Van Essen et al., 2013), a large-scale neuroimaging resource that
provides high-quality functional brain connectivity data. Specifically, we select subjects from the 1200 Subjects Release
(S1200), which includes 3T MRI data from 1206 healthy young adults aged 22–35. Each subject underwent four resting-state
fMRI sessions; we selected the first session (LR), containing 1200 time points. We retained subjects who completed the full
selected fMRI session, yielding N = 1093 subjects. Time-series are processed using the same pipeline as (Glasser et al.,
2013). Brain networks are constructed using two different brain parcellations: the Brainnetome Atlas (Fan et al., 2016)
and the AAL1 Atlas (Tzourio-Mazoyer et al., 2002), which segment the brain into 246 and 116 regions of interest (ROIs),
respectively.
All the data were processed using the HCP minimal preprocessing pipeline, followed by ICA-FIX denoising, as described in
detail in (Glasser et al., 2013) and in (Salimi-Khorshidi et al., 2014).

B. Model Hyperparameters
Here we report the model parameters.

Hyperparameter Explored values

Preprocessing:
Window Size 10, 20, 30
Window Stride 2, 5, 10

Learner:
Hidden Dimension 20, 50, 100
Num. Layers 1, 2, 5, 10, 12, 15
Dropout 0.0, 0.1, 0.3

Encoder:
Hidden Dimension 20, 50, 100
Num. Layers 1, 2, 5, 10
Dropout 0.0, 0.1, 0.3
GNN family GAT, GCN

Decoder:
Hidden Dimension 32, 64, 128
Kernel 2, 4, 8
Dropout 0.0, 0.1, 0.2

Training:
Learning Rate 1e−5, 1e−4, 1e−3

Batch Size 4, 8, 16
Table 4. Hyperparameter search space. Best performing values are shown in bold.
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