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Abstract. Functional magnetic resonance imaging (fMRI) and elec-
troencephalography (EEG) are key tools for characterizing brain func-
tion, yet fMRI's high cost and limited portability hinder large-scale
screening and longitudinal monitoring, motivating EEG-based inference
of fMRI-derived representations. Existing EEG-to-fMRI methods pre-
dominantly perform signal-level regression and are sensitive to hemo-
dynamic variability and EEG spatial ambiguity. We therefore reformu-
late EEG-to-fMRI translation as graph-to-graph mapping in functional
connectivity (FC) space, directly targeting network organization with a
time-aggregated representation. To exploit both scarce paired sessions
and abundant unpaired data, we propose a two-stage semi-supervised
framework: (i) within-modality FC reconstruction to learn robust rep-
resentations for each modality and (ii) paired EEG-to-fMRI transla-
tion with asymmetric teacher�student latent alignment, which suppresses
modality-dependent noise while preserving shared functional structure.
We further use hierarchical fMRI FC, derived from connectivity-pro�le
similarities, to capture higher-level network organization. Experiments
on simultaneous EEG�fMRI datasets show consistent improvements over
strong baselines in FC similarity and network-pattern agreement; the
learned representations also improve downstream Alzheimer's disease
classi�cation.

Keywords: EEG-to-fMRI Translation · Functional Connectivity · Semi-
supervised Learning · Latent Alignment

1 Introduction

Functional neuroimaging provides a critical window into the organization and dy-
namics of large-scale brain networks. Both functional magnetic resonance imag-
ing (fMRI) and electroencephalography (EEG) capture neural activity, yet they
di�er markedly in cost, portability, and spatiotemporal resolution. fMRI mea-
sures blood-oxygen-level-dependent (BOLD) signals with high spatial resolution,
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but its high cost and limited portability restrict large-scale screening and lon-
gitudinal monitoring. In contrast, EEG records electrical activity at millisecond
resolution and is inexpensive and portable for diverse clinical and community
settings [2]. Linked through neurovascular coupling [19,14], motivating to infer
fMRI functional representations from widely available EEG to extend fMRI-level
network assessment without the associated cost and logistical barriers.

Recent studies have explored EEG-to-fMRI translation using deep neural
networks [14,12,13]. However, these methods formulate the task as signal-level
regression, predicting fMRI time series at the regions of interest (ROI) or voxel
level from EEG, which has two fundamental limitations. (1) Signal-level tem-
poral correspondence is unstable because the hemodynamic response function
(HRF) varies across brain regions and individuals, yet most methods assume a
�xed HRF [12]. (2) Signal-level modeling is typically implemented in a local-
ized, ROI-independent manner; e.g., NeuroBOLT [14] trains a separate predictor
per ROI within a prede�ned temporal window, ignoring whole-brain spatial con-
sistency and increasing computational cost for �ne-grained parcellations. These
limitations motivate a shift from signal-level to network-level characteriza-
tion of brain function. Functional connectivity (FC) summarizes time-aggregated
statistical dependencies between brain regions [6]. Because FC averages over ex-
tended temporal windows rather than relying on point-wise signal correspon-
dence, it is less sensitive to HRF variability and instantaneous noise that desta-
bilize signal-level methods [29]. Moreover, FC explicitly encodes inter-regional
interactions and network structure, providing a more stable and biologically
meaningful target space for cross-modal modeling. Additionally, simultaneous
EEG-fMRI sessions are scarce, whereas large-scale EEG-only and fMRI-only
datasets are readily available. Most existing translation methods rely solely on
limited paired supervision and do not e�ectively exploit such unpaired data,
restricting representation learning and generalization. This motivates a semi-
supervised design that leverages abundant unpaired data for within-modality
pretraining and reserves paired data for cross-modal alignment and translation.

In this paper, we reformulate EEG-to-fMRI translation as graph-to-graph
mapping in FC space to focus on network-level functional structure, rather than
enforcing signal-level correspondence. To address scarce simultaneous EEG-fMRI
pairs, we develop a two-stage semi-supervised framework: Stage I leverages abun-
dant unpaired EEG and fMRI data to learn modality-speci�c latent manifolds
through self-reconstruction, and Stage II uses paired sessions for EEG-to-fMRI
FC translation with a teacher�student scheme, where a frozen fMRI encoder
guides the EEG encoder via asymmetric latent alignment. We follow standard
EEG/fMRI preprocessing from [9] and construct hierarchical fMRI FC targets
inspired by [28]; our contribution is integrating these components into a semi-
supervised FC translation framework with unpaired representation learning and
frozen fMRI-teacher-guided EEG alignment. Extensive experiments demonstrate
superior preservation of FC structure and network patterns over signal-level and
graph-based baselines, and the learned EEG representations further improve
downstream Alzheimer's disease diagnosis.
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Fig. 1. Overview of our two-stage semi-supervised EEG-to-fMRI FC translation frame-
work. (1) ROI time series are converted into multi-band EEG FCs and hierarchical-
order fMRI FCs. (2) Stage I learns modality-speci�c representations via within-
modality reconstruction, and Stage II aligns EEG embeddings to a frozen fMRI teacher
to generate fMRI-like FCs.

2 Method

As illustrated in Fig. 1, our framework �rst constructs FC networks from EEG
and fMRI recordings and then learns EEG-to-fMRI translation via two stages:
(i) modality-speci�c FC representation learning using abundant unpaired data,
and (ii) cross-modal translation via asymmetric latent alignment that maps EEG
representations into the fMRI latent space using paired data. The learned EEG
representations can be subsequently leveraged for downstream clinical tasks as
a surrogate for fMRI.

2.1 Functional Connectivity Construction

We represent both EEG and fMRI at the network level using FCs, which sum-
marize statistical dependencies between distributed brain regions and provide
a time-aggregated description of large-scale functional organization (Fig. 1(1)).
Throughout this work, we use the Schaefer-100 parcellation with N = 100 ROIs.
EEG FC. After preprocessing and source localization via a minimum-norm
estimate (MNE) on the fsaverage template [9], signal-level EEG is averaged
within each ROI of the Schaefer-100 atlas [20]. EEG FC is computed using
power envelope connectivity (PEC), which reduces volume conduction artifacts
and captures slow envelope �uctuations (< 1 Hz) related to fMRI hemodynamic
dynamics [9]. Here δ/θ/α/β/γ denote carrier frequency bands, while the �<
1 Hz� term refers to the slow envelope dynamics used by PEC. FCs are computed
separately for �ve frequency bands: δ (0.5�4 Hz), θ (4�8 Hz), α (8�14 Hz), β
(14�30 Hz), and γ (30�50 Hz), and stacked as AEEG ∈ R5×N×N .
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fMRI FC. Following preprocessing [9], BOLD signals are averaged within each
ROI of the Schaefer-100 atlas [20] to obtain regional time series T ∈ RN×L.
We compute �rst-order fMRI FC by pairwise Pearson correlation, yielding C =
AfMRI

�rst ∈ RN×N , and apply Fisher's r-to-z transform for variance stabilization.
Since �rst-order FC captures only pairwise interactions, we construct a hier-
archical fMRI FC representation using a deterministic operator Ψ(·). Let Ci,:

denote the ROI-wise connectivity pro�le of ROI i. We compute high-order FC
as Hij = corr(Ci,:,Cj,:) and associated FC as Sij = corr(Ci,:,Hj,:). The result-
ing hierarchical representation is AfMRI

hier = [C,H,S] = Ψ(C). Here H captures
similarity between whole-brain connection patterns, S captures cross-order sim-
ilarity pro�les, and Ψ has no learned parameters.

2.2 Two-stage Semi-supervised Learning Framework

Given limited paired EEG-fMRI data and abundant unpaired recordings, we
adopt a two-stage semi-supervised design with within-modality reconstruction
followed by cross-modal translation and alignment (Fig. 1(2)). For each modality
m ∈ {EEG, fMRI}, the ROIs form a shared node set V, and each ROI's row-
wise connectivity pro�le serves as its node feature. Although FC matrices are
symmetric, we retain the full N × N matrix to preserve these ROI-centered
pro�les; upper-triangular vectorization is used only for evaluation. With batch
size B, the EEG and fMRI inputs have shapesAEEG ∈ RB×5×N×N andAfMRI

hier ∈
RB×3×N×N , respectively.
Stage I: Modality-speci�c FC Representation Learning. Stage I learns
a latent manifold for each modality from abundant unpaired data. An encoder�
decoder pair (Em,Dm) reconstructs each modality's FC. A Transformer jointly
models ROI-wise connectivity pro�les across EEG frequency bands or fMRI hier-
archical orders, followed by aggregation across bands or orders. The aggregated
ROI features are then processed by Chebyshev graph convolutional (ChebGCN)
encoders and decoders with adaptive learnable adjacency matrices. Each encoder
outputs Zm ∈ RB×N×h. The EEG decoder reconstructs the �ve-band EEG FC,
whereas the fMRI decoder reconstructs �rst-order FC and obtains its hierarchical
target via Ψ(·). The Stage I objective is

LStageI = ∥ÂEEG −AEEG∥2F + ∥ÂfMRI
hier −AfMRI

hier ∥2F , (1)

where ∥ · ∥2F is the squared Frobenius norm over all dimensions.
Stage II: Cross-modal Translation via Asymmetric Latent Alignment.
Stage I has learned robust modality-speci�c FC representations, while Stage II
uses paired EEG-fMRI data for cross-modal alignment and EEG-to-fMRI FC
translation.
Asymmetric Latent Alignment. We map EEG embeddings to the fMRI
latent space with a teacher�student strategy, and decode them with the fMRI
decoder to predict �rst-order fMRI FC. We treat the fMRI branch as the teacher
since fMRI FC provides a more stable spatial organization, whereas EEG-derived
FC is more a�ected by source localization ambiguity and measurement noise.
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Thus, we freeze the pretrained fMRI encoder E∗
fMRI as the teacher, while �ne-

tuning the EEG encoder EEEG and the fMRI decoder DfMRI. Alignment is
performed in latent space rather than raw FC space because the learned la-
tent space compresses modality-speci�c variability and aligning graph-level sum-
maries is more robust to per-edge noise. To bridge the two modalities, we
introduce a learnable projector P to match embedding distributions and di-
mensionality, providing a lightweight adaptation layer without modifying the
frozen teacher: Z̃EEG = P(ZEEG). To obtain sample-level representations for
alignment, we extract graph-level embeddings via mean pooling over nodes:
gm
b = Readout(Zm

b ) = 1
N

∑N
i=1 Z

m
b,i, and we de�ne g̃EEGb = Readout(Z̃EEG

b )
as the projected EEG graph embedding. Instance-level alignment uses cosine
similarity,

Lcos =
1

B

B∑
b=1

(
1− cos

(
sg(gfMRI

b ), g̃EEGb

))
, (2)

where sg(·) stops gradients through the teacher. We also minimize the Kullback�
Leibler (KL) divergence between softened teacher and student distributions,

LKL =
1

B

B∑
b=1

DKL

(
softmax

(
sg(gfMRI

b )/τ
)
∥ softmax

(
g̃EEGb /τ

))
, (3)

where τ is a temperature parameter. This KL term is an auxiliary teacher-
student distillation regularizer: it softly encourages the EEG student embedding
to follow the fMRI teacher's latent distribution, while FC reconstruction and
cosine alignment remain the main constraints.
Cross-modal Translation. The projected EEG embeddings are decoded by
the fMRI decoder to generate �rst-order fMRI FC, C̃ = DfMRI(Z̃

EEG), and the
translated hierarchical representation is obtained as ÃfMRI

hier = Ψ(C̃). The Stage II
objective is

LStageII = ∥ÃfMRI
hier −AfMRI

hier ∥2F + λ(Lcos + βLKL), (4)

where λ and β balance reconstruction and alignment terms.

3 Experiments and Results

3.1 Datasets

We use three data collections. Stage I (unpaired). TUEG [17] (10,874 sub-
jects/16,986 EEG recordings) and UK Biobank [22] (40,000 rs-fMRI subjects).
Stage II (paired). Simultaneous EEG-fMRI sessions are summarized in Table 1
and split at the subject level with a 7:1:2 train/val/test ratio.Downstream AD
EEG. Seven datasets are aggregated (Table 1); only AD and NC subjects are
retained. The �nal cohort includes 363 subjects/461 EEG recordings, evaluated
by subject-level 5-fold cross-validation.
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Table 1. Source-wise data summary. For Stage II, entries are subject/session counts;
for AD EEG, entries are AD/NC recording counts after �ltering.

Stage II paired EEG-fMRI Downstream AD EEG

Source Subj. Sess. Source AD NC

NATVIEW [23] 22 392 ADFSU [25] 160 12
Oddball [26] 17 102 PearlNeuro [4] 0 78
NODDI [3] 15 15 ADFTD [16] 36 29
Rest & sleep [8] 33 255 ADSZ [1] 24 24
Eyes Open/Closed [15] 8 8 BrainLat_EEG [18] 20 28
Simult. EEG-fMRI [7] 20 59 AD-Auditory [11] 17 10
Total 115 831 APAVA [5] 12 11

3.2 Experimental Setup

State-of-the-Art Methods. We compare our method with signal-level and
network-level methods to ensure a comprehensive evaluation. For signal-level,
we adapt the representative method NeuroBOLT [14] to take EEG time series
as input and predict ROI- or voxel-wise fMRI signals. The predicted fMRI signals
are then converted into FC using the same pipeline as Sec. 2.1 to enable FC-
level comparison. For network-level methods, representative graph-learning FC
regression baselines with increasing modeling capacity are included: GCN [10],
GAT [24], GFormer [27], and DGCNN [21]. All methods are trained and evalu-
ated under identical subject-independent splits and preprocessing.
Evaluation metrics. We evaluate FC translation quality on �rst-order fMRI
FC using: (i)Mean Squared Error (MSE) (↓) between predicted and ground-
truth FC, measuring the element-wise accuracy, and (ii) Pearson Correlation
(Corr) (↑), measuring pattern similarity.
Implementation details. All models are trained with AdamW (learning rate
1×10−4) with batch size 64. For Stage II, we set the alignment weights λ = 10.0
and β = 0.5 in Eq.(4), and temperature τ = 0.2 in Eq.(3), across all experiments,
and set latent dimension h = 128 for all encoders.

3.3 Comparison with State-of-the-Art Methods

Quantitative Results. Table 2 summarizes EEG-to-fMRI FC translation un-
der subject-independent evaluation. The results demonstrate that our method
achieves the best overall performance, with an MSE of 0.0551 and a Corr of
0.6530. Notably, signal-level EEG-to-fMRI translation baseline NeuroBOLT per-
forms substantially worse than network-level methods, indicating that direct
signal-to-signal regression struggles to recover reliable inter-regional dependen-
cies in the presence of hemodynamic delays and cross-modal temporal-scale mis-
match. This limitation is particularly evident for NeuroBOLT, which learns ad
hoc ROI-wise predictors independently for each region, ignoring global spatial
context and thus failing to preserve coherent whole-brain network organization.
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Table 2. Comparison to graph-level and signal-level baselines. Paired Wilcoxon signed-
rank tests compare our method with each baseline: †p < 0.05 and ‡p < 0.001.

Method MSE ↓ Corr ↑

GCN [10] 0.1423± 0.0133 0.1659± 0.0444
GAT [24] 0.1428± 0.0067 0.2570± 0.0643
GFormer [27] 0.1206± 0.0065 0.3367± 0.0496
DGCNN [21] 0.1005± 0.0049 0.4495± 0.0480
NeuroBOLT [14] 0.2196± 0.0372 0.2176± 0.0595

Ours 0.0551± 0.0197† 0.6530± 0.1199‡

Pred

Error
Map

GCN GAT GFormer OursDGCNN NeuroBOLT

GT

Fig. 2. Qualitative visualization of EEG-to-fMRI functional connectivity translation.
Error maps visualize signed residuals ∆A = Â−A.

In contrast, network-level methods that explicitly model functional connectivity
provide markedly more reliable results, demonstrating the advantage of per-
forming cross-modal mapping directly in FC space. By integrating two-stage
representation learning and hierarchical-order supervision, our method yields
more accurate and structurally consistent fMRI-like network representations,
and consistently outperforms existing network-level methods by a clear margin.
Qualitative Results. Fig. 2 shows representative �rst-order fMRI FC and pre-
dictions. Graph-based baselines vary in quality: GCN performs poorly, while
GAT/GFormer/DGCNN recover reasonable but rough structure, with DGCNN
being the strongest yet still leaving noticeable residual errors. The signal-level
method largely fails to produce meaningful connectivity patterns, yielding noisy
FCs without coherent network structure. In contrast, our method better matches
the GT by preserving within-network blocks and key inter-network connections,
with markedly reduced and less structured residuals.

3.4 Ablation Study

To evaluate each component, we conduct three ablations: (1) w/o Stage I Pre-
training (train with paired data only), (2) w/o Latent Alignment (remove
Stage II latent alignment), and (3) w/o Hierarchical-order FC (supervise
�rst-order fMRI FC only). As shown in Table 3, removing Stage I causes the
largest drop (MSE: 0.0551 → 0.0648; Corr: 0.6530 → 0.6316), con�rming that
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Table 3. Ablation study of our framework. We remove (i) Stage I within-modality
reconstruction pretraining, (ii) the Stage II asymmetric latent alignment, and (iii)
hierarchical-order FC supervision.

Method MSE ↓ Corr ↑

w/o Stage I Pretraining 0.0648± 0.0237 0.6316± 0.1294
w/o Latent Alignment 0.0608± 0.0213 0.6496± 0.1256
w/o Hierarchical-order FC 0.0629± 0.0224 0.6427± 0.1259

Ours 0.0551± 0.0197 0.6530± 0.1199

Table 4.AD classi�cation results with frozen EEG encoders and a strong GNN baseline
(mean±std, % over 5 subject-independent folds). We report Balanced Accuracy (BA),
Macro-F1 score, and Area Under the ROC Curve (AUC).

EEG Encoder Checkpoint BA ↑ Macro-F1 ↑ AUC ↑

DGCNN [21] 76.2±4.4 79.0±6.9 88.9±4.4
Stage I only 77.4±2.4 76.1±4.4 88.6±1.7
Stage II only 78.1±5.3 79.3±7.8 88.9±3.7
Stage I + Stage II 80.5±3.2 83.8±3.5 90.4±2.2

within-modality reconstruction on abundant unpaired EEG and fMRI data is
crucial for learning stable, modality-speci�c FC representations under scarce
paired supervision. Removing hierarchical-order FC also degrades performance
(MSE: 0.0551→0.0629; Corr: 0.6530→0.6427), indicating complementary struc-
tural and functional constraints beyond pairwise correlations that help preserve
coherent topological organization. Disabling asymmetric alignment yields a mod-
erate drop (MSE: 0.0551→ 0.0608; Corr: 0.6530→ 0.6496), suggesting Stage I
provides a strong initialization while the latent-alignment terms further improve
cross-modal consistency as a complementary regularizer.

3.5 Downstream Diagnosis for Alzheimer's Disease

To assess clinical relevance, we evaluate the learned EEG representations on
Alzheimer's disease diagnosis. We freeze the EEG encoder and train a classi-
�er (a two-layer MLP) on its embeddings to distinguish AD from NC. We re-
port 5-fold results in Table 4, including a strong GNN baseline (DGCNN) and
three training variants of our framework: Stage I only, Stage II only, and
Stage I+Stage II. From Table 4, Stage I only already achieves competitive
AD classi�cation performance, indicating that within-modality reconstruction
learns discriminative EEG representations. It slightly surpasses DGCNN in BA
(77.4 ± 2.4 vs. 76.2 ± 4.4), while being lower in Macro-F1 and AUC. Stage II
only improves Macro-F1 (79.3± 7.8) and matches DGCNN in AUC (88.9± 3.7
vs. 88.9 ± 4.4), suggesting that paired translation provides additional disease-
relevant cues. Combining Stage I+Stage II achieves the best overall perfor-
mance (BA/Macro-F1/AUC = 80.5±3.2/83.8±3.5/90.4±2.2), with the largest
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gain in Macro-F1 (76.1→83.8), indicating that fMRI-guided knowledge transfer
yields more clinically informative EEG representations.

4 Conclusion

We propose a two-stage semi-supervised EEG-to-fMRI translation framework in
FC space, using unpaired data for within-modality representation learning and
paired data for fMRI-guided asymmetric latent alignment. Hierarchical-order FC
further constrains higher-level network patterns. Experiments show consistent
improvements over strong baselines in FC similarity and network-pattern agree-
ment, while downstream AD classi�cation supports the utility of the learned
EEG representations. Future work should evaluate leave-one-source/paradigm-
out generalization and clinically controlled cohorts.
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