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Abstract

The coupling between functional magnetic resonance imaging (fMRI) and au-
tonomic physiological processes is not merely “noise”, but captures important
brain-body interactions. This relationship is likely bidirectional: autonomic fluctu-
ations can influence brain activity and hemodynamics, and neuronal activity can
modulate systemic physiological processes. This complexity makes it difficult for
traditional linear approaches to fully characterize their relationship. Here, we intro-
duce a novel application of vector quantized variational autoencoder (VQ-VAE) to
characterize whole-brain patterns associated with respiration using the discretized
fMRI latent space. Further, we demonstrate that this framework can be leveraged
to assess the quality of fMRI-based reconstructions of low-frequency respiratory
fluctuations when physiological recordings are missing or corrupted. The success
of our model indicates that we can extract the non-linear relationship between
the fMRI brain signals and bodily autonomic processes, revealing their intrinsic
connections in the cross-modal latent space.

1 Introduction

Physiological processes in the body have been known to influence functional magnetic resonance
imaging (fMRI) signals. However, while certain physiological processes induce fMRI artifacts
(e.g., head motion), slow variations in autonomic processes, including natural changes in breathing
rate and depth, are associated with low-frequency fluctuations in the blood-oxygen-level-dependent
(BOLD) signal [1]. The latter effects are thought to arise from factors such as fluctuations in
arterial carbon dioxide levels [2], sympathetic modulation of vascular tone [3]], and neural control of
autonomic activity [4H6]. These converging effects contribute to the complexity of the relationship
between fMRI and physiological processes, alongside inter-subject variability as well as intra-subject,
state-dependent changes [7].

Most existing approaches use linear models (via physiological impulse response functions [8H10]) to
capture the brain-body relationship embedded in the interaction between fMRI signals and autonomic
processes. However, these approaches might fail to capture any nonlinear or state-dependent whole-
brain hemodynamics correlated with physiological processes. Here, we introduce a data-driven
approach using vector quantized variational autoencoder (VQ-VAE) to capture a wider nonlinear
repertoire of structured whole-brain patterns related to respiration.

The proposed framework could be extended to the practical challenge of handling missing or corrupted
physiological recordings in fMRI datasets. This prevalent scenario has motivated the development
of machine learning techniques for directly reconstructing physiological fluctuations from fMRI
data alone [11H16]. Yet, as the performance of such methods can vary across individuals, it is
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critical to have a measure that quantifies the predictive uncertainty, and such a confidence score is
not currently provided by existing methods. Here, we present a novel approach that leverages our
proposed VQ-VAE framework to estimate a confidence score for fMRI-derived RV reconstructions.
The goals of this work were twofold: (1) to develop an interpretable framework to explore brain
patterns associated with the body, focusing on respiration volume (RV), and (2) to provide a quality
assessment metric for fMRI-derived RV reconstructions.

2 Datasets and preprocessing

We included 1380 resting-state fMRI scans with concurrent respiratory belt recordings from the
minimally preprocessed Human Connectome Project - Young Adult dataset (HCP-YA) (TR =0.72 s,
voxel size = 2mm isotropic, duration 14.4 min with 1200 volumes per scan) [17, [18]]. Of these, we
used 900 scans for training, 180 scans for validation, and 300 scans for testing, without including any
test-set subject in the training or validation process. In addition, we drew upon 365 resting-state fMRI
scans from the HCP-Aging dataset (HCP-A [[19])) to test the generalizability of the model to an unseen
dataset with a different age distribution. The HCP-A dataset (TR = 0.8 s, voxel size = 2mm isotropic,
6.5 min duration with 487 volumes per scan) underwent the same minimal preprocessing pipeline as
the HCP-YA dataset [18],[19] . We extracted 512 ROIs from the DiFuMo atlas [20], bandpass-filtered
the time courses to 0.01-0.15 Hz, z-normalized each ROI’s time course, and resampled both HCP-YA
and HCP-A scans to 1.44 s intervals. Low-frequency changes in breathing (respiratory volume; RV)
during the scan were calculated by taking the standard deviation of the respiratory belt waveform in a
6-s window centered at each fMRI time point. This RV signal was then similarly bandpass-filtered to
0.01-0.15 Hz, z-normalized, and resampled to align with the resampled fMRI data points.

3 Methods

3.1 Reconstruction confidence score

We formulated the (ground-truth) Respiratory Volume Reconstruction Confidence Score (RVConf) as
the Pearson correlation between the ground-truth RV signal and the averaged RV reconstructions from
three models: a bidirectional long short-term memory model (Bi-LSTM)[15], a transformer sequence-
to-sequence model (Tf-seq2seq)[16] and a transformer sequence-to-one model (Tf-seq2one)[16]].
This correlation value was then linearly scaled to a [0, 1] range.

3.2 Model architecture

The Vector Quantized Variational Autoencoder (VQ-VAE) has been widely used in the computer
vision field [21], and previous works have applied the VQ-VAE structure to fMRI data to decode
brain state [[22] and reconstruct image stimuli presented during the fMRI scan session [23]. Here,
rather than solely using the quantized latent space, we introduce a codebook usage histogram derived
from VQ-VAE to capture the latent patterns in fMRI. We hypothesized that the VQ-VAE codebook
index during the vector quantization process could serve as a low-dimensional representation of fMRI
data. Similar to linear methods like fMRI co-activations patterns (CAPS)[24], here we obtained the
discretized and compressed representation of each fMRI time point using their codebook assignment.

Each fMRI frame was processed by a transformer-based encoder (embedding dimension = 256,
depth = 8 layers, 4 attention heads) and quantized using a multi-stage VQ-VAE (Figure [I). The
quantized representations were decoded back into fMRI space via a transformer decoder (embedding
dimension = 128, depth = 4, nhead = 4). To summarize the latent distribution, we computed a
codebook usage histogram for each successive 60 s fMRI window (41 frames after downsampling to
a temporal resolution of 1.44 s). Frame contributions were weighted by a Gaussian kernel (bandwidth
= 6 frames) to emphasize central time points. The multi-stage hierarchical quantizer discretizes
latent representations progressively: early stages capture global patterns, whereas later stages encode
fine-grained details. We applied a 7-stage vector quantization scheme but focused our codebook
usage analysis on the first three stages. This choice is based on the assumption that respiratory effects
on fMRI are spatially widespread and primarily global, therefore better represented at the early
quantization levels than at later, finer-grained stages. Nevertheless, future work could examine this
assumption and assess whether the interaction between respiration and BOLD signal is also reflected
in the later quantization stages. The codebook size was 1024 with an embedding dimension of 128.
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Figure 1: Overall framework. Vector quantized variational autoencoder (VQ-VAE) framework
for modeling fMRI-physiology relationship. Each fMRI frame is encoded via a transformer-based
encoder, and discretized using a learned vector quantization codebook. The quantized latent space is
then passed through a transformer-based decoder to reconstruct the original fMRI frame. For the set
of fMRI frames within a given 1-min window of data, this quantized latent space also reconstructs
the corresponding (1-min) segment of the RV time course (for illustation, only 3 frames are shown
here). A codebook usage histogram is aggregated and is used to predict the RVConf score of this
window, together with 3 vectorized RV reconstructions. The loss function consists of 1) RV prediction
confidence loss (Lryconf), @ binary cross entropy loss with target and predicted confidence scores
both rescaled within the [0, 1] range, 2) fMRI reconstruction 10ss (Livr1_recon), defined as the MSE
loss, 3) vector quantization loss (Lvq), and 4) RV reconstruction loss (Lry_recon)-

The discretized codebook usage histogram was concatenated with the three vectorized reconstructed
respiration signals and passed through a fully connected multilayer perceptron (MLP) to predict the
RV reconstruction confidence score (RVConf). The quantized latent representation of N=41 fMRI
frames was supervised to reconstruct the RV time course over each 1-minute window using an LSTM
head, encouraging the quantized fMRI latent space to retain sufficient respiration-related information.
The overall loss function consists of 4 components: 1) an fMRI reconstruction mean squared
error (MSE) loss Livri Recon = MSE(fMRI, fMRI), 2) a vector quantization (VQ) loss Lyq to
regularize the discretization process, 3) a binary cross-entropy (BCE) loss for RVConf reconstruction

Lrvcont = BCFE (RVéon f, RV Conf) with both target and predicted RVConf scores rescaled to

continuous [0, 1] range, and 4) an RV time course reconstruction loss Lry recon = 1 — p(RAV, RV)
for each 1-minute window, where p(-, -) denotes the Pearson Correlation Coefficient between the
target and reconstructed RV signals.

3.3 Baseline comparisons and ablation tests

To assess the contribution of individual components to the RVConf prediction, we conducted the
following ablation tests: 1) predict RVConf with the codebook usage histogram and the 3 recon-
structed RV signals from Bi-LSTM, Tf-seq2seq and TF-seq2one, but remove the RV reconstruction
task from the quantized latent space; and 2) predict RVConf solely with the 3 reconstructed RV
signals, excluding fMRI codebook histogram. As a static reference baseline, we correlated RVConf
with the average pairwise correlation among reconstructed RV signals from the three established
methods, assuming that reconstruction convergence (i.e., higher inter-method similarity) reflects
higher confidence.
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Figure 2: Top two codebook embeddings most strongly associated with respiration reconstruction
accuracy in the HCP-A dataset, projected into anatomical space.

3.4 Experimental details

The model structures and hyperparameters for the Bi-LSTM, Tf-seq2seq and TF-seq2one models
were directly adopted from previous papers [[15} [16]. We chose a batch size of 96 and a learning rate
of le-5 with 4 warmup epochs for all experiments. We used Adam optimizer with default parameters
81=0.9, 52 =0.95. The optimal training epoch was selected as the one with the lowest validation
loss. Pearson correlation coefficient and mean absolute error between the ground truth RVConf and
predicted RVConf were used as model evaluation metrics. Experiments 1 and 2 were performed on
an NVIDIA A6000 GPU, and experiment 3 was performed on an NVIDIA GeForce RTX 2080 Ti.

4 Results and discussion

Table 1: RV reconstruction confidence score prediction performance from the full model, ablation
studies and linear baseline on both HCP-YA and HCP-A dataset. CB, codebook; Pred. RV, predicted
RV time course; Avg. Pred. RV Corr, average pairwise correlation among the 3 predicted RV signals;
Corr, Pearson correlation coefficient; MAE, mean absolute error (mean =+ std). Bold: the best.

Model | RV Recon Loss? | VQ-VAE CB Usage? | Nonlinear? | HCP-YA Corr © | HCP-YAMAE | | HCP-A Corrt | HCP-A MAE |
v v v 0.4920 0.0954+0.0052 0.5369 0.0943+0.0077

VQ-VAE (Full)
VQ-VAE (No RV Recon)
Pred. RV
Avg. Pred. RV Corr

0.4780 0.0964+0.0053 0.5258 0.095240.0077
0.4684 0.0910£0.0058 0.4972 0.1004£0.0090

X v v
X X v
X X X 0.3421 0.4245

As shown in Table([T] the best RV reconstruction confidence score prediction was achieved with the
full model when tested on either the HCP-YA dataset or the unseen HCP-A dataset, and for both
Pearson correlation coefficient (Corr) and mean absolute error metric (MAE + std). Figure [2] depicts
fMRI patterns associated with the two codebook embeddings that were most strongly associated
with respiration reconstruction accuracy in the HCP-A datasets. While exhibiting some qualitative
similarities, the upper panel has stronger weights in precuneus, while the lower panel has stronger
weights in posterior cingulate cortex and medial frontal cortex. Negative weights in both maps are
consistent with prior work indicating the contribution of sympathetic nervous system activity to fMRI
signals in white matter [25]]. The precuneus and posterior cingulate cortex have also been implicated
in autonomic processing, supporting their involvement in brain-body coupling [26} 27].

The proposed VQ-VAE architecture provides an interpretable framework for modeling the relationship
between fMRI BOLD signal and respiration by learning latent codebook representations aligned
with respiration dynamics. Furthermore, in cases where physiological recordings are missing or
corrupted, the framework produces an RV reconstruction confidence score that helps users to assess
the reliability of low-frequency respiration signals predicted by previously established methods.
Future work could extend the current framework to model the relationship between fMRI and cardiac
activity and to incorporate a larger number of simultaneous fMRI-physiology recordings into the
training dataset.
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