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Take-Away

We propose UniEFS: a unified model for whole-brain fMRI
synthesis from EEG.
UniEFS learns fMRI-enhanced EEG representations that show
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Key Results

o Resting-state Prediction Performance

Prediction performance map

Model Name MM FB TCorr 1 GM TCorr 1 SC TCorr 1 CB TCorr 1 Conn Corr 1 Conn MSE |
Ours v 0.367 +0.052 0394+ 0.060 0276 +£0.082  0.247 +0.060 0.5274+0.084  0.233 +0.072
NeuroBOLT (Li et al., 2024b) X 0.331+0.044  0357+£0.049 0258 4+0.092 0216+0.046 0455+0.079 0.349 +0.097
Liet al. (Li et al., 2024a) X 0.312+£0.038 032940.037 0.253+0.090 0.236+0.058 0.535+£0.077 0.217 = 0.065
BEIRA (Kovalev et al., 2022) X 0.171 +£0.148  0.196+£0.170  0.086 £0.085 0.063+0.073 0459+0.080  0.368 £ 0.090

MM: Multiregion modeling. Blue (p <0.05), yellow (p <0.01), red (p <0.0017) in paired t-test. FB: Full Brain. GM: Gray Matter.
SC: SubCortical. CB: Cerebellum. Conn: FC matrix. MSE: element-wise MSE

Performance gain from context embedding
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9 Resting-state to Task Transfer

Zero-shot rest-to-task ROl averaged TCorr
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Zero-shot rest-to-task brain network time series prediction
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Our Contributions

p Frame-wise prediction - Input & Output: Input: Preprocessed (MRI artifact reduction applied,

Unified model: one model for full-brain coverage fMRI synthesis

Strong spatial priors: learned through unpaired fMRI pretraining to
support robust reconstruction.

Context-conditioned synthesis: prompt tokens encode dataset, age, sex,
and vigilance information to better model state-level variability.

Broad evaluation: tested on resting-state, rest-to-task transfer, cross-
dataset, and clinical EEG-only settings.

fMRI values of all ROIs at time t: Y;.

vV v VY

(MSE + spatial-correlation) losses.

Simultaneous EEG-fMRI Datasets '

Eyves-closed Resting-state (RS) Datasets:
Dataset 1[1]

. Overview: 29 scans from 22 healthy volunteers

. fMRI: 3T, Philips scanner, TR=2.1s; EEG: 32-channel cap, 23 channels were used (those shared in common across the 3 datasets)

Dataset 2

0 Overview: 10 training scans from 7 healthy volunteers, serving as additional training samples for main experiments

. fMRI: 3T Siemens Prisma scanner, TR=2.1s; EEG: 32-channel cap, 23 channels were used (those shared incommon across the 3
datasets)

Auditory-task Dataset [1]: eyes closed, make a right-handed button press as soon as possible upon hearing a binaural tone

. Overview: 16 scans from 10 healthy volunteers

. Scan duration: 500 TR (17.5mins) for 6 scans, 693 TR (about 24 mins) for 10 scans

. fMRI: 3T Siemens Prisma scanner, TR = 2.1s; EEG: 32-channel cap, 23 channels were used (those shared in common across the 3
datasets)

Vigilance label: derived by VIGALL [2]
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Evaluation Strategy

resampled to 200Hz, normalized) EEG window (T=16s) before fMRI collection at time t: X;_r.._;. Output:

g (A) Stage 1-fMRI SSL pretraining via mask signal modeling: Pretraining encoder-decoder on large-
scale unpaired fMRI data (HCP-YA, 512 DiFuMo [4] ROIs).

» (B) Stage 2 - context-aware EEG-to-fMRI mapping: Encode EEG spatiotemporal and multi-scale
spectral features with dataset-, subject-, and state-level context, aligh them to the frozen fMRI latent
space, and decode fMRI using the pretrained decoder. Loss: L atent-alignment (MSE) + reconstruction

* Unseen-subject prediction: Predict full ~20-min, 512-ROI fMRI
time series from EEG, with no subject overlap across splits.

* Cross-dataset/ cross-condition transfer: Test robustness across
sites, scanners, and resting/task conditions.

* Metrics: ROI-level temporal correlation for time-series
reconstruction; element-wise MSE and correlation for functional
connectivity (FC) reconstruction; predicted FC fingerprinting
accuracy (see appendix)

* OOD EEG-only transfer: Probe learned fMRI-informed EEG

representations on external EEG-only datasets with different
populations and data distributions using downstream
classification task.

[1] NeuroBOLT, Li et al., NeurIPS, 2024. [2] VIGALL, Olbrich etal., 2015. [3] Cavanagh et al, OpenNeuro, 2021. [4] Difumo, Dadi et al., Neurolmage, 2020
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Achieves consistently strong zero-shot reconstruction across

* Recovers coherenttemporal dynamics within the Salience/Ventral
Attention Network, which includes challenging deep/non-surface
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Context-aware modeling mitigates
cross-dataset domain shift
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Zero-shot UniEFS w/ demo Zero-shot UniEFS w/o prompt

Zero-shot generated latent on Parkinson EEG-only datasets [3]
(22 healthy controls, 22 PD patients)

Transfer to Different task, Different population, Different age
distribution

Linear Probing for HC/PD classification

Model | PDAcctT | PDF11 | PDAUCT |
UniEFS (w/ context) 0.75 0.73 0.87
UniEFS (w/o context) 0.68 0.67 0.79
UniEFS (w/o pretrain) 0.60 0.62 0.70
LaBraM (Jiang et al., 2024) 0.73 0.71 0.86
CBraMod (Wang et al., 2025a) 0.70 0.67 0.71
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