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Abstract. Functional magnetic resonance imaging (fMRI) provides high-
resolution whole-brain activity measurements but is constrained by high
cost, limited accessibility, and restrictive acquisition conditions. Recent ad-
vances in cross-modal synthesis have enabled the inference of fMRI signals
from electroencephalography (EEG), facilitating estimation of whole-brain
activity from portable, low-cost recordings in naturalistic settings. Despite
promising results, existing approaches rely on Transformer-based encoders
that lack inductive biases for the causal, delayed nature of hemodynamic
responses, and provide limited insight into how region-specific predictions
are formed. In this paper, we propose MARBLE (Mamba-Attention for
ROI-conditioned BOLD Estimation), an end-to-end framework for whole-
brain EEG-to-fMRI translation. MARBLE employs a hybrid Mamba-
Transformer encoder, where selective state-space modeling provides an
inductive bias for HRF-related temporal structure while maintaining
linear-time complexity. ROI-conditioned decoding heads operating on
a shared latent representation generate region-specific BOLD time se-
ries. Our approach provides a favorable trade-off between reconstruction
performance and computational efficiency, using 3.2x fewer model param-
eters and 2.3 less peak memory. Reconstructed functional connectivity
matrices demonstrate preserved temporal dynamics and inter-regional
structure, and cross-attention topographies reveal network-specific elec-
trode contributions without explicit spatial supervision.
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1 Introduction

Functional magnetic resonance imaging (fMRI) and electroencephalography
(EEG) are complementary, non-invasive neuroimaging modalities offering high
spatial and temporal resolution [21, 28, 1], respectively. fMRI measures blood-
oxygen-level-dependent (BOLD) signal changes associated with neuronal activity,
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which provide an indirect characterization of distributed neural processes. How-
ever, the intrinsic delay and temporal smoothing introduced by the hemodynamic
response function (HRF) [2] limit its ability to capture rapid neural dynamics. In
addition, fMRI acquisition is costly [7,22], time-consuming [30], and constrained
by its lack of portability [7,22], thereby restricting its applicability in real-world
and resource-limited clinical settings. In contrast, EEG directly records electrical
brain activity at millisecond-level temporal resolution [11, 5], providing real-time
insight into neural dynamics. Owing to its portability and low cost, EEG has
emerged as a promising modality for estimating fMRI BOLD signal dynam-
ics through cross-modal translation frameworks [3, 4] that reconstruct spatially
resolved hemodynamic activity from temporally rich electrophysiological signals.

Early EEG—fMRI translation approaches employed encoder—decoder archi-
tectures [14, 17| within sequence-to-sequence frameworks to reconstruct regional
fMRI time series. While demonstrating feasibility, these approaches typically
focused on a limited set of regions of interest (ROIs) and relied on subject-specific
training [18], thereby restricting cross-subject generalization and whole-brain
scalability. In addition, most studies concentrated on task-based or eyes-open
resting-state conditions, leaving scalable whole-brain modeling under eyes-closed
resting-state conditions largely unaddressed. Resting-state fMRI captures spon-
taneous intrinsic neural dynamics and underpins functional connectivity analy-
sis [23, 15]. Its minimal behavioral demands and widespread clinical use make it
a compelling setting for developing robust, clinically transferable EEG-to-fMRI
translation frameworks.

Recent work has made progress toward whole-brain modeling. NeuroBOLT [18]
integrated temporal, spatial, and spectral EEG representations to achieve state-
of-the-art performance on eyes-closed resting-state data, and UnEBOLT [16]
extended this to a unified architecture that jointly predicts all brain regions via
learnable ROI embeddings and adapter-based decoding. However, both methods
build on Transformer-based encoders that treat EEG as a generic sequence,
without incorporating inductive biases for the causal, delayed temporal struc-
ture imposed by the HRF. Furthermore, their ROI conditioning mechanisms
offer limited transparency into how each region’s prediction is derived from the
underlying EEG features.

To overcome these limitations, we propose MARBLE (Mamba-Attention for
ROI-conditioned BOLD Estimation), a lightweight framework for whole-brain
EEG-to-fMRI translation that enables joint and efficient modeling across brain
regions. MARBLE introduces a hybrid Mamba-Transformer encoder where selec-
tive state-space modeling provides an architectural inductive bias for HRF-related
temporal structure, while attention mechanisms further refine the resulting latent
representation. From this shared representation, dedicated ROI-wise decoders with
cross-attention generate region-specific BOLD predictions. This design supports
interpretable multi-region inference while substantially reducing computational
and memory overhead. Our contributions are summarized as follows:
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1. A hybrid Mamba-Transformer encoder that provides an inductive bias for
HRF-related temporal structure via state-space modeling, achieving 3.2x
fewer parameters and 2.3x lower memory than prior methods.

2. Interpretable ROI-wise cross-attention decoders that generate region-specific
predictions from a shared latent representation.

3. A favorable balance between reconstruction performance and computational
efficiency while preserving functional connectivity patterns essential for down-
stream clinical analysis.

2 Methods

2.1 Problem Definition

The mapping between neural activity and BOLD responses is neither instan-
taneous nor one-to-one [18,12]. Thus, we adopt a sequence-to-one modeling
strategy that aligns temporally rich EEG inputs with delayed BOLD responses.
Specifically, for each fMRI time point ¢, we extract a preceding EEG window
spanning the hemodynamic response function (HRF) support. Formally, the EEG
input is represented as X; € RE*T where C' denotes the number of channels
and T denotes the number of temporal samples in the window.

Directly modeling full 4D fMRI volumes is computationally prohibitive [26, 6].
Therefore, we operate at the level of image-derived phenotypes obtained through
brain parcellation. Voxel-wise signals are averaged within predefined regions of
interest (ROIs), yielding stable regional time courses while preserving large-scale
functional organization. The fMRI target at time ¢ is thus represented as Y; € R,
where P denotes the number of ROIs. Given a parameterized model fy(-), the
task is formulated as Y; = fo(Xy), with Y, denoting the predicted ROI-level
BOLD signal at time ¢.

2.2 Model Architecture

We propose MARBLE, a lightweight end-to-end framework for predicting multi-
region BOLD time series from EEG. The architecture comprises (i) multi-scale
spectral embedding (MSSE), (ii) a shared EEG encoder and (iii) a ROI-wise
fMRI decoder (Fig. 1).

MSSE. To capture oscillatory dynamics relevant to BOLD fluctuations, we
employ an MSSE inspired by NeuroBOLT [18]. Given EEG input X € RE*T we
extract multi-scale spectral representations using the short-time Fourier transform
(STFT). For each scale level I € {0,..., L}, the Fourier window size is defined
as ngt) = lpase - 2!, where lpaee is a base window size. In our implementation,
we set lpase = 100 and L = 2. The hop length is set to half the window size,
resulting in 50% overlap, a common choice in EEG time-frequency analysis [29].
STFT [9] is applied independently per channel, and the magnitude of the complex
spectrum is retained. Spectral features at each scale are linearly projected to
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Fig. 1. Overview of MARBLE. A 16-second EEG segment is processed through (i) multi-
scale spectral embedding (MSSE), (ii) a shared encoder combining Mamba and Trans-
former blocks, and (iii) a ROI-wise decoder that generates region-specific BOLD predic-
tions via cross-attention.

dimension D, then passed through a second linear projection along time to
unify all scales to a common temporal resolution N = L%J, producing scale-

specific embeddings e®). These are aggregated via element-wise summation:
esp = Zleo e where esp € REXNXD,

Channel identity is preserved via learnable channel embeddings e., €
which are added to the spectral embedding at each temporal position. Finally,
sinusoidal positional encoding [27] is applied along the temporal dimension,
yielding the final encoder input e € RE*NxD,

CxD
R™"%,

Encoder. To model temporal EEG dynamics, we employ a temporal Mamba
(tMamba) block. Mamba, a selective state-space sequence model (SSM) [10],
represents temporal evolution through a learnable state-space formulation that
propagates information via a recurrent hidden state. In continuous time, the SSM
is defined as

h(t) = Ah(t) + Ba(t), y(t) = Ch(1), (1)

where A(t) denotes the latent state and A, B, C' are learnable parameters. After
discretization, the model yields a structured convolutional form, enabling efficient
unidirectional sequence processing. This unidirectional processing provides an
inductive bias for HRF-related temporal structure, consistent with delayed, causal
dependence of the BOLD response on preceding neural activity, while maintaining
linear-time complexity.

Following the tMamba layers, we apply a series of Transformer [27] blocks to
model inter-channel interactions. The encoder representation is reshaped into a
flattened channel time sequence Z € R(CN)XD allowing self-attention to capture
global dependencies across channels and time.
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Decoder. We introduce a ROI-wise cross-attention (ROI-CA) mechanism to
generate region-specific BOLD predictions from the shared EEG latent represen-
tation. Let Z € R(N)XD denote the encoded EEG features. We initialize a set
of learnable ROI query embeddings @ € RP*P where P denotes the number of
ROIs. Each query vector g, serves as a region-conditioned token that selectively
attends to relevant EEG features. For each ROI, cross-attention is performed
using the corresponding ROI query and the encoded EEG representation as
key—value pairs:

zp = CrossAttn(gp, Z, Z), (2)

yielding ROlI-specific feature representations z, € R”.

To produce final BOLD predictions, we employ independent linear regression
heads for each ROI. This design encourages region-specific specialization while
maintaining a shared global representation in the encoder, allowing region-
dependent signal mappings without sacrificing shared cross-regional structure.

3 Experiments

3.1 Dataset

We conducted experiments on the VU dataset from NeuroBOLT [18], adopting
the same preprocessing procedures. The dataset consists of 29 simultaneous
EEG—MRI recordings from 22 healthy volunteers during eyes-closed resting-state
conditions, with 7 participants contributing two separate sessions. Each recording
session has a duration of approximately 20 minutes. Scalp EEG was acquired
using a 32-channel MR-compatible system following the international 10-20
placement scheme. After removing ECG, EOG, and EMG channels, 26 EEG
channels were retained for analysis. fMRI regional time series were extracted
using the Dictionary of Functional Modes (DiFuMo) [6] atlas (64 ROIs). For each
fMRI time point, a 16-second segment of preceding EEG data was extracted and
resampled to 200 Hz. We used a subject-wise partitioning strategy with a split
ratio of 3:1:1, ensuring that scans from the same subject appear only within a
single split.

3.2 Experimental Settings

All experiments were implemented in PyTorch 2.4.1 using Python 3.10.12 and
conducted on a single NVIDIA H100 GPU with CUDA 12.4. Models were trained
for 20 epochs with a batch size of 64 using the AdamW optimizer [20] (Ir 3 x 1074,
weight decay 0.05) with cosine scheduling [19] (min Ir 1 x 107¢). MARBLE uses
an embedding dimension of 64 and four encoder layers. The tMamba module
employs a state size of 16 and convolution width of 4, with dropout set to 0.2
throughout the network. The ROI-conditioned cross-attention decoder uses 64
learnable ROI queries with the same embedding dimension. The training objective
combines mean squared error (MSE) with temporal and spatial correlation terms:

L= )\mse‘cmse + Atﬁt + )\s‘csa
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Table 1. Quantitative comparison on 6 unseen test scans from the VU dataset. Results
are reported as mean + standard deviation. Bold indicates best performance. Gray-
shaded rows indicate ablation studies.

Model Corr (r) t MSE | FC-Corr 1 FC-F1 1 Params | Mem |
BIOT 0.396 + 0.041 0.229 £ 0.020 0.439 £0.144 0.404 £ 0.025 2.0M 4.4 GB
LaBraM 0.179 £ 0.075 0.250 £ 0.009 0.359 £0.114 0.429 £ 0.006 5.8M 11.5 GB
NeuroBOLT 0.406 £ 0.038 0.223 £0.017 0.469 £ 0.115 0.418 £ 0.012 7.9M 13.7 GB
UnEBOLT 0.412 £ 0.049 0.218 £0.019 0.469 +0.093 0.427 £ 0.016 8.2M 13.8 GB
MARBLE 0.434 +£0.047 0.210 £ 0.020 0.456 £ 0.129 0.454 £ 0.024 2.6M 6.0 GB
W/O ROI CA 0.413 £ 0.040 0.218 £ 0.019 0.395 £ 0.084 0.431 £ 0.018 - -

W/O tMamba 0.424 £ 0.042 0.211 £ 0.018 0.440 £ 0.125 0.442 £ 0.019 - -
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Fig. 2. ROI-level correlation distribution across functional networks on unseen test
scans. Boxes show median (center line), IQR (box), and full range (whiskers).

where £; = 25:1 (1 —7(Y,,Y,)) encourages temporal fidelity per ROI, and

L= % Zszl (1- r(ﬁ,, Y:)) promotes spatial fidelity across ROIs per time point.
Here, r(-) is Pearson correlation coefficient computed after mean-centering along
the corresponding axis, and B is batch size. We set A5 = 0.8, Ay = 0.1, and
As = 0.1 in all experiments.

We evaluated signal-level (Corr, MSE) and connectivity-level (FC-Corr, FC-
F1) metrics. FC matrices were computed as Pearson correlations across ROI time
series (upper-triangular only). FC-F1 is computed by thresholding at the 75th
percentile and comparing predicted edges at the same threshold. To facilitate
reproducibility, we provide the implementation and pretrained model weights at
https://github.com/emeelkaa/marble.

3.3 Experimental Results

We compared MARBLE against four baselines: (i) BIOT [29], a general-purpose
biosignal foundation model, (ii) LaBraM [13], an EEG-specific foundation model
pre-trained on approximately 2,500 hours of data, (iii) NeuroBOLT [18], a
dedicated EEG-to-fMRI translation framework built upon LaBraM, and (iv)
UnEBOLT [16], a unified whole-brain extension of NeuroBOLT based on adapter-
based decoding. For LaBraM, NeuroBOLT, and UnEBOLT, we initialized with
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Fig. 3. Representative ROI-level BOLD time-series reconstructions across functional
networks. For each selected network, one representative ROI is visualized. Solid orange,
solid blue, and dashed gray lines denote MARBLE, UnEBOLT, and ground-truth BOLD
signals, respectively.

the publicly available LaBraM-base checkpoint [13]. All baselines were reproduced
using publicly available code and trained under identical conditions; for single-
region models, we modified only the final regression head to enable multi-region
prediction.

As shown in Table 1, MARBLE achieved the best signal-level reconstruction,
improving ROI-level Pearson correlation from 0.412 (UnEBOLT) to 0.434 and
reducing MSE from 0.218 to 0.210. It also attained the highest FC-F1 score
(0.454 £+ 0.024), indicating improved preservation of functional topology. These
gains were achieved with substantially fewer parameters (2.6M vs. 8.2M) and
lower memory usage (6.0 GB vs. 13.8 GB). Ablation studies further support our
architectural design. Removing ROI-CA caused the largest drop (FC-Corr 0.061),
while removing tMamba primarily affected signal-level metrics (Corr 0.010).

Figure 2 shows the distribution of ROI-level Pearson correlations grouped
by the Yeo functional networks [24]. Consistent performance across sensory,
attentional, and association networks demonstrates that MARBLE generalized
effectively across diverse brain systems while maintaining stable reconstruction
fidelity. To further illustrate qualitative reconstruction accuracy, Figure 3 presents
representative BOLD time-series predictions from selected networks.

To assess preservation of large-scale functional organization, we compared
predicted and ground-truth functional connectivity (FC) matrices (Fig. 4). MAR-
BLE’s predictions closely resembled ground-truth connectivity structure, captur-
ing both intra-network blocks and inter-network interactions. When thresholding
to retain the top 25% strongest connections, the reconstructed networks demon-
strated substantial overlap with the ground-truth high-strength edges, confirming
accurate recovery of dominant functional interactions.

To further examine ROI-CA, we visualized attention maps averaged across
unseen test subjects (Fig. 5). Distinct topographic biases emerged across networks.
Visual and Somatomotor showed posterior contributions, with Somatomotor
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Fig. 4. FC reconstruction on unseen test scans. Each row corresponds to a representative
subject, showing ground-truth and predicted FC matrices alongside thresholded top
25% strongest connections. Network assignments are indicated along matrix borders.

Default Mode

Fig. 5. Cross-attention topography averages across unseen test subjects for Visual,
Somatomotor, Salience, and Default Mode networks. Maps are displayed with the nose
at the top and the left hemisphere on the left. Color intensity indicates normalized
attention weight per electrode.

additionally exhibiting stronger central weighting; Salience and DMN shared
midline—posterior components, while Salience demonstrated comparatively greater
lateral-temporal emphasis. The posterior pattern for the Visual network aligns
with the established posterior dominance of visual-related scalp activity in resting
EEG (8], whereas the topographies of Somatomotor, DMN, and Salience warrant
further validation via source-level analysis. Shared posterior contributions likely
reflect resting-state posterior oscillations and volume conduction inherent to
scalp EEG [25]. In contrast to adapter-based approaches where region-specific
decoding remains opaque, cross-attention weights provide direct insight into
which electrodes drive each regional prediction.

4 Conclusion

We presented MARBLE, a lightweight and interpretable framework for whole-
brain EEG-to-fMRI translation. MARBLE combines a hybrid Mamba-Transformer
encoder with ROI-conditioned cross-attention decoders to provide a favorable bal-
ance between reconstruction performance and computational efficiency, achieving
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substantially fewer parameters and lower memory than prior approaches. Our
analyses confirm preserved functional connectivity across diverse brain networks,
while cross-attention topographies reveal network-specific electrode contributions
aligned with known EEG-BOLD coupling patterns, providing interpretability
absent in adapter-based approaches. This study is limited by the use of a single-
site cohort of 22 subjects and eyes-closed resting-state recordings, which may
constrain generalizability to broader populations and experimental conditions.
Future work will extend MARBLE to larger multi-site cohorts, task-based fMRI,
and clinical populations where simultaneous EEG-fMRI acquisition is infeasible.
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