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Abstract

Functional Magnetic Resonance Imaging (fMRI) provides
rich, high-dimensional data on human brain activity, yet tra-
ditional dimensionality-reduction techniques primarily cap-
ture group-level structure and overlook individual variabil-
ity. We introduce BRAINS, a framework based on Convolu-
tional Variational Autoencoders (CVAEs) that learns subject-
specific latent spaces directly from BOLD signals. These la-
tent representations effectively denoise voxel-wise time series
(~ 5 % tSNR gain) while preserving functional connectivity
and anatomical coherence. Using Procrustes alignment, we
show that individual latent spaces can be aligned across par-
ticipants, revealing both shared and idiosyncratic components
of cortical organization. Our approach bridges neuroimag-
ing and deep representation learning, offering a geometry-
aware foundation for individualized brain analysis and mul-
timodal integration across subjects, tasks, and models. The
code is available at: https://github.com/neural-data-science-
1lab/NEUROAI_AAAI_BRAINS.git.

Introduction

Functional Magnetic Resonance Imaging (fMRI) is one of
the most widely used human neuroimaging techniques, in-
directly measuring brain activity over time by detecting
changes in blood flow (Glover 2011). It offers high spatial
resolution (up to 1-2 mm) but is limited by its lower tem-
poral resolution (1-3 seconds) compared to techniques like
electroencephalography (EEG) and magnetoencephalogra-
phy (MEG). fMRI data can be collected using three primary
paradigms: resting-state fMRI (rs-fMRI), which captures
spontaneous brain activity without external stimuli; task-
based fMRI (tb-fMRI), which measures brain responses
to specific cognitive tasks; and naturalistic fMRI, which
records brain activity while participants engage with real-
world stimuli, such as watching movies or listening to nar-
ratives. Naturalistic paradigms strike a balance between the
uncontrolled nature of rs-fMRI and the high experimental
control of thb-fMRI, offering better ecological validity while
still providing time-locked brain activity for analysis (Chang
et al. 2020). This time-locked structure enables advanced
analysis techniques like inter-subject correlation (Simony
et al. 2016).
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Traditional fMRI analysis techniques, such as Indepen-
dent Component Analysis (ICA) and the General Linear
Model (GLM), have been widely used to study brain activ-
ity. ICA is typically applied to rs-fMRI to extract functional
networks and has also been used as a preprocessing tool for
noise removal and signal decomposition (Pruim et al. 2015;
Glasser et al. 2018). GLM, on the other hand, is primarily
used in tb-fMRI for voxel-wise analysis, assessing how well
brain activity aligns with predefined task regressors. While
both methods have been successful in identifying functional
networks and brain states, they have limitations in capturing
non-linear relationships and subject-specific variability.

In recent years, deep learning approaches have been in-
creasingly applied to neuroimaging data, offering powerful
tools for capturing complex, non-linear patterns in fMRI sig-
nals. Models such as Recurrent Neural Networks (RNNs)
(Koppe et al. 2019), Transformers (Li, Wang, and Liu 2022),
and Variational Autoencoders (VAEs) (Kim et al. 2021; Han
et al. 2019) have shown promising results in studying brain
dynamics. These deep generative models excel at learn-
ing latent representations, detecting outliers, generating syn-
thetic samples, and estimating the probability distribution of
input data (Tomczak 2022).

In this study, we leverage a naturalistic fMRI dataset
(Finn et al. 2018), sourced from OpenNeuro (ds001338),
where 22 participants listened to a 22-minute ambiguous
social narrative designed to evoke varying levels of para-
noia. Using minimally preprocessed fMRI data, we explore
the capacity of deep latent models, specifically Convolu-
tional Variational Autoencoders (CVAEs) (Wang et al. 2024)
to reveal individual-specific patterns in the Blood Oxygen
Level Dependent (BOLD) signals. CVAEs are effective for
fMRI time series analysis because their 1D convolutional
architecture captures temporal patterns and dependencies in
BOLD signals while reducing noise through dimensional-
ity reduction, whereas the variational component allows us
to model the underlying probability distribution of BOLD
signals, accounting for the inherent variability in neural
responses across time and subjects. Additionally, by pro-
cessing the time course for each voxel independently, the
model can learn consistent temporal features across the brain
while preserving spatial variations that reflect individual-
specific functional organization. Unlike traditional group-
level parcellations, which impose rigid, predefined bound-
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Figure 1: Overview of the BRAINS pipeline. Each subject’s fMRI time series is encoded into latent coordinates using a
convolutional variational autoencoder (CVAE), which learns to reconstruct and denoise BOLD signals while preserving spatial
structure. a,b) 4D fMRI data of 22 subjects were converted into a 139501 x 1310 (voxels x time points) data matrix. Time series,
positions and brain region labels were extracted based on Schaefer atlas 2018 with 200 parcellations of the Yeo 17 networks
and MNI152NLin2009cAsym. c) Each time series was normalized (minmax scaling) across time series. Data was divided into
batches 280 x 1310 (voxels x time points). d) A separate CVAE network was trained for each of the 22 subjects. Both encoder
and decoder consist of 8 layers. e) The encoder output (1) defines the latent coordinates for a given input BOLD signal. f) The
decoder (re-)generate the input data. We train the network using an L2 reconstruction loss (mean squared error). g) The trained
model learns to embed and reconstruct input BOLD signals that h) can then be mapped back to the brain coordinates.

aries, CVAE may provide a simplified latent space for func-
tional alignment, either in comparison or in conjunction with
hyper-alignment (Nastase et al. 2020) and shared response
modeling (Chen et al. 2015).

Our main contributions are:

* A deep latent-space framework based on Convolutional
Variational Autoencoders (CVAEs) for individualized
fMRI representations.

e Demonstration that CVAEs denoise BOLD signals
without distorting functional connectivity, yielding an
average ~5 % tSNR improvement.

* A procedure to align subject-specific latent spaces us-
ing Procrustes analysis, revealing shared and individual
cortical components.

* A unified perspective connecting representation learn-
ing and functional neuroimaging, enabling geometry-
aware comparison across subjects.

Together, these contributions advance individualized and
multimodal analysis of brain activity, bridging deep genera-
tive modeling and cognitive neuroscience.

Methods
Dataset

We re-analyzed a naturalistic fMRI dataset from OpenNeuro
(https://openneuro.org/datasets/ds001338/versions/00002)

featuring 22 healthy participants (11 females; age range:
19-35 years) (Finn et al. 2018). During the experiment,
participants listened to an original 22-minute audio nar-
rative depicting an ambiguous social scenario designed
to elicit varying interpretations and emotional responses.

The narrative was divided into three continuous segments,
lasting 8:46, 7:32, and 5:32 minutes, respectively, and was
presented as a single uninterrupted functional run.

This dataset is particularly suitable for deep learning anal-
yses due to its naturalistic design, which captures ecologi-
cally valid neural responses while preserving high tempo-
ral synchronization across participants. Leveraging this data,
we investigated the ability of deep latent models to uncover
subject-specific patterns in BOLD signals and analyze func-
tional connectivity at the individual level.

Preprocessing

We utilized minimally preprocessed fMRI data of the nar-
rative dataset available on OpenNeuro (Finn et al. 2018),
as provided by the Naturalistic Data Analysis repository.
The preprocessing pipeline primarily involved the use of
fmriprep for standard fMRI corrections, followed by
smoothing and GLM denoising.

The fmriprep pipeline performed the following
steps: 1) Realignment, 2) Spatial normalization to the
MNI152NLin2009cAsym template, 3) Motion correction to
account for participant movement during scanning, 4) Time
slice correction to address acquisition timing differences be-
tween slices. After these corrections, spatial smoothing was
applied with a full-width at half-maximum (FWHM) of 6
mm. To further denoise the data, GLM is used to remove
voxel-wise motion parameters and global artifacts.

The preprocessed fMRI data consists of 4D whole-brain
volume activations over time (Figure 1a). We flattened this
4D data into a 2D matrix (voxels x time points) for each sub-
ject. Specifically, we used the Schaefer atlas (2018) with 200
parcellations mapped to Yeo 17 networks (Schaefer et al.



2018) and applied the MNI152NLin2009cAsym brain mask
to extract relevant voxels and their associated time series.
This resulted in a 139,501 (voxels) x 1,310 (time points)
matrix for each participant.

To standardize the input for the deep learning model, we
normalized the BOLD time series to a range of [0,1] using
the MinMaxScaler from sklearn. Additionally, we ex-
tracted the spatial coordinates of each voxel to maintain a
mapping between voxel IDs and their brain locations (Fig-
ure 1b), which facilitated visualization and analysis in later
stages. Notably, the deep learning architecture was designed
to learn functional connectivity patterns from the data, with-
out relying on predefined spatial or temporal priors. This de-
sign choice ensured that connectivity emerges organically
through the model’s latent representations, rather than being
imposed through explicit structural assumptions.

Model Architecture and Training

To model the latent structure of fMRI data, we employed
a Variational Autoencoder (VAE) framework (Kingma,
Welling et al. 2019). We used a 1D Convolutional Varia-
tional Autoencoder (CVAE) to process the temporal BOLD
signals (Figure 1d). Both the encoder and decoder net-
works consist of five convolutional layers, 1 flatten and two
fully connected (FC) layers. The data for each subject was
randomly split into training (70%), validation (10%), and
test (20%) sets. We trained the models using mini-batches,
where each batch comprised 280 voxels x 1,310 time points
(Figure 1c).

Encoder Architecture The encoder processes the 1D in-
put time series through five successive Convld layers with
increasing channel sizes: 16, 32, 64, 128, and 256. The out-
put from the final convolutional layer is flattened and passed
through two fully connected layers to produce the parame-
ters (mean and variance) of a Gaussian variational approxi-
mation to the latent space (Figure le). Using the reparame-
terization trick, we sample from this latent distribution and
feed the sample into the decoder.

Decoder Architecture The decoder mirrors the encoder
structure, starting with two fully connected layers followed
by five ConvTransposeld layers with decreasing channels
(256, 128, 64, 32, 16) to reconstruct the input BOLD signals
(Figure 1f).

All layers used small kernels (3x1), ReLLU activations,
and pooling/upsampling for temporal compression.

Loss Function The standard VAE loss function combines
a Reconstruction Loss (Mean Squared Error (MSE) be-
tween the input and reconstructed data) and a KL Diver-
gence (Measures the difference between the learned latent
distribution and a standard multivariate normal distribution)
(Kingma, Welling et al. 2019). However, for this study, we
set the KL divergence term to zero for two main reasons: (i)
Training Stability: KL divergence often requires annealing
strategies to ensure stable training (Joas et al. 2024). (ii) Fo-
cus on Latent Structure: Our primary goal was not to train a
generative model but to analyze the latent embeddings pro-
duced by the encoder.

Training Procedure We trained a separate CVAE model
for each of 22 subjects to capture subject-specific latent rep-
resentations. The models were implemented using Light-
ning PyTorch and trained on a A100 GPU using Adam opti-
mizer with a learning rate of 0.001. Early stopping was ap-
plied with patience of 100 epochs to prevent overfitting. The
code for the CVAE architecture, training pipeline, and latent
representation analyses are available on https://github.com/
neural-data-science-lab/NEUROAI_AAAI_BRAINS.git

Latent Dimensionality

To explore the impact of latent space size on reconstruction
quality, we trained CVAE for each subject using latent di-
mensions ranging from 2 to 16. We evaluated the reconstruc-
tion performance on the test set for each configuration, mea-
suring the MSE between the input and reconstructed BOLD
signals (Figure 1g,h).

We observed that reconstruction accuracy improved with
increasing latent dimensionality, but gains plateaued beyond
a certain point (as shown in Supplementary Figure A.1). No-
tably, we observed several outliers during training, where
certain subjects showed elevated test loss at specific latent
dimensionalities. This variability is likely due to random
weight initializations at the start of training. Based on the
trade-off between reconstruction fidelity and model com-
plexity, we selected a latent dimension of 9 for subsequent
analyses. This choice provided a balance between capturing
sufficient variance in the data while avoiding overfitting or
introducing unnecessary complexity.

Results
Deep autoencoders for BOLD signal denoising

To further assess the denoising performance of CVAE, we
analyzed reconstructed BOLD signals from Subject 1. A
subset of 2,000 randomly selected voxels was used for vi-
sualization and error analysis. Figure 2a presents heatmaps
comparing the input (left) and reconstructed (right) time se-
ries, along with a close-up of two randomly chosen vox-
els (Figure 2a, bottom). The average MSE across the sam-
ple was 0.0011, indicating that the CVAE effectively cap-
tured temporal dynamics of BOLD signals while reducing
noise. We conducted a cross-subject analysis for validation,
where second subject’s data was passed through the pre-
trained model of the first subject. The MSE error between
the input and the decoded data was 0.019, about an order of
magnitude higher than the reference MSE error of 0.0011
when using subject 1 data for training and reconstruction.
We also performed a control test where we generated a sur-
rogate, randomized signal by taking the mean voxel-wise
time series for a subject and added Gaussian noise (std =
2), followed by smoothing with a Gaussian filter (std = 1).
This noisy signal was then passed through the pre-trained
model of subject 1 for its reconstruction, resulting in MSE
error of 1.20, higher than both within and cross-subject re-
construction errors.

We also examined whole-brain reconstructions at a spe-
cific time point (t = 900) (Figure 2b), which yielded an
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Figure 2: CVAE denoises voxel-wise BOLD signals, improving tSNR while preserving structure. a) Heatmaps showing time
series for a random subset of voxels for input (left) and decoded data (right). For more detail, input and reconstructed BOLD data
are shown for two random voxels (green and blue) as line plots (zoomed in to show only 100 time points for better visibility). b)
Input data and reconstruction of signal across whole brain (bottom) for a random time point (t=900, EMSE=0.15%). c) Violin
plot of voxel-wise tSNR for input (red) and decoded (green) data for subjects 1-5.

Empirical MSE (EMSE) of 0.15% between the input and re-
constructed volumes. This suggests that the reconstruction
quality is consistent across both voxels and time points.

To quantitatively assess the denoising capability of the
CVAE, we computed the temporal Signal-to-Noise Ratio
(tSNR) for each voxel, defined as the mean intensity of
the time series divided by its standard deviation. Figure 2c
shows the tSNR distributions for Subjects 1-5, comparing
the original and reconstructed data. In all cases, the recon-
structed BOLD signals demonstrated higher tSNR values,
confirming that the CVAE effectively reduces noise while
preserving relevant neural signals. We evaluated the signif-
icance of tSNR improvements using the Wilcoxon signed
rank test, which yielded significant results (p < 1le—308)
in all cases. The average tSNR improvements were 4.98%,
4.83%, 6.46%, 4.61%, and 5.36%, respectively.

These results demonstrate that CVAE can successfully
embed, reconstruct, and denoise BOLD time series at voxel
level. The learned latent representations not only capture es-
sential temporal dynamics, but also enhance signal quality,
providing a robust basis for further analysis of individual
brain activity.

The structure of encoded latent representations

We next examined the structure of the subject-specific
CVAE embeddings to understand how the latent space cap-
tures the underlying fMRI data patterns.

Variance Analysis Across Latent Dimensions We first
analyzed the variance explained by each of the nine latent di-
mensions across all subjects (Figure 3a). The percentage of
variance decreases gradually with higher dimensions, sug-
gesting that the latent space forms a homogeneous subspace
rather than being dominated by specific directions.

To explore this structure in more depth, we focused on
Subject 1 (red line in Figure 3a). Figure 3b presents the mean
and standard deviation of the latent coordinates for each of
the nine dimensions. Despite training with KL divergence
set to zero, the latent dimensions remain compact and cen-
tered around zero, indicating inherent regularization through
the reconstruction objective alone.

Correlation between dimensions and Spatial Mapping
We further assessed the relationships between latent dimen-
sions by calculating pairwise correlations (Figure 3c). The
correlations were relatively low (mostly below 0.3), suggest-
ing that the latent dimensions capture generally distinct fea-
tures, despite the absence of orthogonality constraints. To
visualize the spatial patterns encoded in the latent space,
we mapped the latent coordinates of each voxel back onto
the brain surface for each dimension separately (Figure 3d).
These maps revealed smooth or clustered patterns across
the cortex, indicating that the CVAE captures anatomically
coherent features. Compared to previous studies using dif-
fusion map embedding for cortical gradient analysis (Mar-
gulies et al. 2016), our subject-specific latent coordinates
suggest plausible anatomic patterns. Compared to diffusion
embedding, which typically emphasizes large-scale cortical
gradients, our CVAE-based representations appear to reflect
more individual-level variations and finer-scale structures.

Dimensionality Reduction and Visualization To investi-
gate whether the latent space reflects known brain organiza-
tion (e.g. functional clusters or networks), we projected the
9D latent representations and the original high-dimensional
inputs into 2D spaces using principal component analysis
(PCA), ICA, and t-distributed stochastic neighbor embed-
ding (t-SNE) (Figure 4).

The PCA and ICA visualizations of the latent space show
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a more uniform distribution of voxels with respect to the Yeo
17 networks, suggesting that the CVAE reduces noise and
captures generalized patterns across networks. However, we
did not observe clear clustering based on network labels, in-
dicating that the latent space preserves functional structure
without explicitly aligning to predefined network bound-
aries. t-SNE projections did not reveal clear clusters or dis-
cernible patterns in either the input or latent spaces, which
is unsurprising given the non-linear and often unpredictable
behavior of t-SNE in high-dimensional data visualization.
To evaluate clustering performance for Yeo 17 networks and
Schaefer 200 parcellation (Schaefer et al. 2018), we calcu-
lated Adjusted Purity (ARI) (Hubert and Arabie 1985) and
Silhouette scores (Rousseeuw 1987). ARI for the VAE latent
was nearly double the input, while Silhouette increased only
slightly (Table B.1 & B.2).

Overall, CVAE encodes BOLD signals into low-
dimensional space that captures smooth, anatomically co-
herent patterns while maintaining minimal correlations be-
tween dimensions. Although latent dimensions do not di-
rectly map onto known functional networks, they appear to
retain aspects of brain organization at subject level, poten-
tially providing more individualized view of brain activity.
This suggests that CVAE captures latent structure that re-
flects individual neurofunctional architecture beyond stan-
dard parcellation schemes, with potential utility for individ-
ualized neuroimaging analysis.

Aligning latent representations across subjects

Our CVAE representations are inherently subject-specific,
since each model is trained independently. Previous work
by (Moschella et al. 2022) demonstrated that even retraining
simple autoencoders on the same data with different random
initializations leads to misaligned latent spaces. To examine
the alignment of latent spaces across subjects, we applied
Orthogonal Procrustes (Sasse et al. 2024) analysis to evalu-
ate the consistency of learned embeddings (Figure 5).

The correlations on the anti-diagonal in Figure 5b (see
also Figure C.1) show that dimensions 5-8 vary more be-
tween subjects, while 1-4 are more consistently shared. The
latent dimensions that did not align well between the in-
dividuals, could be reflecting differences in brain function
rather than noise, suggesting that the embeddings capture
meaningful, subject-specific information. The latent dimen-
sions that are aligned between subject-specific latent spaces
demonstrate that CVAE embeddings also capture shared un-
derlying structure in fMRI data, despite being trained in in-
dividual subjects.

For validation, we examined the correlation between the
CVAE-derived latent vectors and the first principal gradient
from Margulies et al. (2016) (Margulies et al. 2016), a well-
established measure of large-scale cortical organization.
Across all subjects, the second latent dimension showed a
strong negative correlation (mean r = —0.49 & 0.03) with
the first cortical gradient, indicating that the CVAE captures
a fundamental axis of brain organization, a transition from
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sensory to associative regions consistent with prior findings.
This alignment suggests that the learned latent space not
only denoises BOLD signals but also encodes biologically
meaningful, spatially coherent patterns that reflect known
principles of cortical hierarchy.

Together, these findings demonstrate that CVAE latent
space simultaneously preserves shared, population-level
structure and encodes individual-specific functional varia-
tion, providing a powerful, interpretable framework for both
group-level analysis and personalized modeling of brain ac-
tivity.

Deep latent functional connectivity

Functional connectivity refers to the temporal coherence in
activation patterns between anatomically distinct brain re-
gions, reflecting their interactions over time (Friston, Frith,
and Frackowiak 1993). To compute functional connectivity,
voxel-wise BOLD signals are typically averaged within pre-
defined brain regions, and pairwise Pearson correlations are
calculated between these region-averaged time series.

We first evaluated whether the CVAE-based denoising
process altered the fundamental structure of functional con-
nectivity. Figure 6a displays pairwise Pearson correlations
between brain regions, computed from average input data
(in 22 subjects, voxels x time points) in the lower triangu-
lar matrix, and from CVAE-reconstructed data (averaged in
subjects) in the upper triangular matrix. The correlation pat-
terns between the original input and reconstructed data are
highly consistent, indicating that the CVAE preserves func-
tional connectivity while effectively denoising the BOLD
signals. Quantitatively, the 90th percentile mean correlation
for the input data was 0.928, compared to 0.931 for the re-
constructed data, reflecting a minor improvement of 0.3%. A
paired t-test comparing the 90th percentile correlations be-
tween original input and reconstructed data yielded a highly
significant result (p = 6.99 x10~%), confirming that the de-

noising process leads to a small but meaningful enhance-
ment in signal consistency. This slight increase suggests that
the denoising process enhances signal quality without dis-
torting functional relationships.

Given that the CVAE is trained to map similar BOLD sig-
nals into nearby regions of the latent space, we hypothesized
that the learned latent embeddings could serve as a novel
and informative basis for functional connectivity analysis.
To test this, we first aligned the latent representations of all
22 subjects on a common reference (Subject 7) using Pro-
crustes alignment and ensures spatial consistency across in-
dividuals. After alignment, we computed the average latent
representation across subjects to obtain a population-level
latent space. Within this averaged latent space, we quanti-
fied functional connectivity using two similarity measures:
Pearson correlation to assess linear relationships between
region-specific latent representations and Euclidean distance
to quantify the spatial proximity of latent vectors in the em-
bedding space.

Figure 6b presents these analyses: The lower triangular
matrix shows Pearson correlations between brain regions
in the averaged latent space. The upper triangular matrix
displays Euclidean distances (normalized using MinMaxS-
caler with a reversed color map) between averaged latent
representations. Both similarity measures revealed connec-
tivity patterns consistent with those observed in the input
and reconstructed BOLD data (Figure 6a). Notably, the la-
tent space appears to capture more refined and subtle inter-
regional relationships, suggesting that the CVAE enhances
the resolution of functional connectivity by preserving fine-
grained structural and dynamic relationships that may be ob-
scured by noise or variability in the raw data.

To quantitatively evaluate the correspondence between
functional connectivity patterns in the original input and
latent spaces, we applied Fisher’s r-to-z transformation to
Pearson correlation matrices derived from the averaged
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Figure 5: Aligned latent spaces reveal shared and individual-specific structure across subjects. a) Latent representations
of subject 1 were aligned to the latent representations of subject 7 using Procrustes alignment over corresponding time points.
b) Pairwise correlation of latent representations of all subjects after alignment with subject 7. Subject 7 was chosen as an

illustration, results are similar across target subjects.

BOLD signals (lower triangle, Figure 6a) and the aver-
aged latent space representations (lower triangle, Figure 6b),
both computed across subjects. This transformation stabi-
lized the variance on correlation coefficients, enabling re-
liable statistical comparison between pairs. A paired Z-test
was conducted for each of the 19,100 unique, non-redundant
brain region pairs (excluding self-connections and duplicate
pairs), yielding a p-value for every pairwise relationship.

After controlling for the false discovery rate (FDR) at
0.05, we identified approximately 19,725 connections that
exhibited statistically significant differences between the in-
put and latent spaces, indicating that these relationships were
either suppressed or reweighted in the latent representation.
This suggests that CVAE effectively filters out noise-driven
or spurious correlations, enhancing the specificity of func-
tional connectivity estimates. In contrast, the remaining 155
connections showed no significant change between these
two, reflecting strong preservation of core, robust functional
relationships. These results demonstrate the CVAE’s dual
capacity: it retains the most salient, biologically meaningful
connectivity patterns while attenuating weaker or unreliable
associations. As a result, the latent space provides a cleaner,
more interpretable representation of brain network organiza-
tion, offering a powerful framework for individualized and
noise-resilient functional connectivity analysis. Figure 6 (c,
d) shows a scatterplot of the different connectivity measures
for all pairs of brain regions. The measures tend to converge
for high correlation values, meaning that what is highly cor-
related and likely important in input space is similar in latent
space while the latent space correlations and distances are
more spread out, giving a more nuanced view of the connec-
tivity. Full x-axis range for Figure 6¢,d is shown in Appendix
Figure D.1 and D.2.

These results suggest several key insights: (i) The
CVAE maintains core functional connectivity patterns post-
denoising, with minor improvements in signal quality. (ii)
The latent embeddings offer an alternative yet consistent
representation of functional connectivity, capable of reveal-
ing nuanced inter-regional relationships. (iii) Using both
Pearson correlation and Euclidean distance in the latent
space provides complementary perspectives on regional in-
teractions.

Taken together with findings from Figure 4b), these re-
sults indicate that the subject-specific latent spaces learned
by the CVAE serve as a robust coordinate system for analyz-
ing voxel- and region-level BOLD signal similarities.

Discussion

In this study, we demonstrated that Convolutional Varia-
tional Autoencoders (CVAEs) provide an effective frame-
work for individualized fMRI representation learning. Our
models denoise voxel-wise BOLD signals, reconstruct
subject-specific latent spaces, and enable cross-subject
alignment via Procrustes analysis. These embeddings im-
prove signal quality while preserving the biological integrity
of functional connectivity.

Beyond denoising, CVAEs holds potential for detecting
outliers and generating new BOLD samples, areas that war-
rant future exploration. Since our CVAE approach learns
subject-specific representations that can later be aligned.
It could potentially preserve individual anatomical varia-
tions that are typically lost during spatial normalization and
enables cross-subject analysis. This framework provides a
more compact representation that could improve computa-
tional efficiency for subsequent analyses. It opens new av-
enues for studying individual differences in brain connec-
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Figure 6: Functional connectivity in latent space matches input while reducing noise-driven edges. a) Functional connec-
tivity based on pairwise correlation of BOLD signals using the input data (lower triangular part) and CVAE reconstructions
(upper triangular). b) Functional connectivity based latent coordinates using correlation (lower triangular) and Euclidean dis-
tance (upper triangular, normalized values with reverse colorbar). (c,d) show tight correspondence between input and latent
connectivity patterns. ¢) Scatter plot between correlation values of input (a, lower triangular part) and latent encodings (b,
lower triangular part). d) Scatter plot between correlation values of input (a, lower triangular part) and Euclidean distance of

latent encodings (b, upper triangular part).

tivity, offering the detection of clinically relevant deviations
in network organization linked to psychiatric and neurolog-
ical disorders. However, our methodology is conceptually
applicable to un-normalized data as well, which represents a
significant potential advantage.

However, VAEs come with known challenges, such as
posterior collapse and the “hole problem” (Tomczak 2022),
which could affect latent representations. Addressing these
issues remains crucial for improving the reliability of VAE-
based models. Additionally, since we trained the CVAE with
the KL-divergence term set to zero, the model behaved as a
regularized autoencoder. In future work, we aim to examine
the influence of the KL divergence term on reconstruction
performance and explore the extent to which it affects the
separability of latent representations (Higgins et al. 2017).

In summary, our work demonstrates that deep latent mod-
els like the CVAE are not merely dimensionality reduction
tools but represent a paradigm shift in functional connectiv-
ity analysis. By integrating denoising, dimensionality reduc-
tion, and individual-level modeling within a unified frame-
work, they offer a more accurate, biologically plausible, and
interpretable view of brain network dynamics. Future work
will explore the utility of these latent representations in de-
coding cognitive states, predicting individual behavior, and
identifying biomarkers of brain disorders, positioning deep
latent modeling as a cornerstone of next-generation neu-
roimaging analysis.

Conclusion

This study demonstrates that deep latent variable models,
specifically CVAEs, offer a principled and flexible approach
to reducing the complexity of fMRI analysis by gener-
ating meaningful subject-specific latent space representa-
tions, capture smooth, anatomically coherent neural dynam-
ics with minimal inter-dimensional correlation. Our results
highlight the potential of these models to denoise BOLD sig-
nals while preserving and enhancing the integrity of func-
tional connectivity patterns.

Crucially, the latent space maintains strong correspon-
dence with established functional architecture, preserving
the most robust, biologically relevant connections while si-
multaneously suppressing noise driven or spurious correla-
tions. Quantitative comparison revealed that the vast major-
ity of connectivity relationships were either reweighted or
suppressed in the latent space, with only 155 connections
showing no significant change. This indicates that CVAE
does not merely compress data but actively disentangles
meaningful neural signals from noise, yielding a more spe-
cific and interpretable representation of brain network orga-
nization. Together, these findings establish CVAE as a pow-
erful tool for individualized functional connectivity analy-
sis, offering a data-driven, low-dimensional framework that
enhances signal quality without distorting underlying neural
architecture.
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A Latent Dimensionality

All subjects were trained with the CVAE model, and test loss
was evaluated across latent dimensions ranging from 2 to 16.
The mean test loss was computed by averaging across all
subjects. The results indicate that the mean test loss remains
nearly constant beyond 8 latent dimensions. A few subjects
exhibited slightly higher losses due to variations in parame-
ter initialization. Since the mean test loss stabilized after 9
latent dimensions, we opted for a smaller latent dimension
rather than larger ones (Figure A.1).

B Adjusted purity and silhouette score for
Input data and Latent Representations

To assess clustering and separation quality between the in-
put data and latent representations, we computed Adjusted
Purity (ARI) and the Silhouette score. Both datasets were re-
duced to low dimensions using PCA (2 and 9 components),
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Figure A.1: The test loss of the CVAE model was evaluated
for each subject across latent dimensions ranging from 2 to
16. The results show that beyond 8 latent dimensions, the
mean test loss remains nearly constant (indicated by the blue
line). The dark red markers represent cases with higher test
loss, which are attributed to poor parameter initialization.

and the evaluation was performed with respect to the Yeo
17 networks and the Schaefer 200 parcellation. Notably, the
ARI values for the VAE latent representations were approxi-
mately twice those of the input data, indicating that the latent
space preserves more clustering-relevant information (Table
B.1). This means clustering in reduced space is only slightly
better than random. In contrast, the Silhouette score for the
VAE latent increased only marginally (by 0.02) compared to
the input (Table B.2).

Table B.1: Adjusted purity for input data and latent repre-
sentations

Dim. Type PCA of Input VAE Latent
2 Yeo 17 Networks 0.08 0.11
2 Schaefer 200 0.02 0.05
9 Yeo 17 Networks 0.11 0.20
9 Schaefer 200 0.05 0.19

Table B.2: Silhouette score for input data and latent repre-
sentations

Type PCA of Input (2) VAE Latent
Yeo 17 Networks 0.33 0.35
Schaefer 200 parcellation 0.32 0.34

C Distribution of Diagonal Correlations over
9 aligned Latent dimensions across 22
subjects
We extracted the diagonal correlation values from Figure
5b and plotted them to identify which latent dimensions are
more consistently correlated across subjects. Subject 7 (pink

line), which shows a correlation of 1 across all 9 latent rep-
resentations, serves as the reference. Latent dimensions 5-8

exhibit lower correlations across subjects, reflecting inter-
subject variability. In contrast, latent dimensions 1—4 display
higher correlations (0.5-0.8), indicating that they are largely
shared across subjects and may encode information relevant
to the naturalistic dataset (Figure C.1).

Figure C.1: Diagonal correlations (Subject 7 as reference)
show variability in dimensions 5-8 and shared naturalistic
information in dimensions 1-4.

D X-axis range adjusted to 1 to 1 for Figure
6¢c,d
In the main figure, panels 6¢ and 6d do not display the full x-

axis range; therefore, we provide the complete visualization
here (Figure D.1 and D.2).

Figure D.1: Scatter plot between correlation values of input
(Figure 6a, lower triangular part) and latent encodings (Fig-
ure 6b, lower triangular part).

Figure D.2: Scatter plot between correlation values of input
(Figure 6a, lower triangular part) and Euclidean distance of
latent encodings (Figure 6b, upper triangular part).



