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Abstract

Neural decoding from electroencephalography (EEG) remains fundamentally lim-
ited by poor generalization to unseen subjects, driven by high inter-subject vari-
ability and the lack of large-scale datasets to model it effectively. Existing meth-
ods often rely on synthetic subject generation or simplistic data augmentation,
but these strategies fail to scale or generalize reliably. We introduce MultiDiffNet,
a diffusion-based framework that bypasses generative augmentation entirely by
learning a compact latent space optimized for multiple objectives. We decode di-
rectly from this space and achieve state-of-the-art generalization across various
neural decoding tasks using subject and session disjoint evaluation. We also cu-
rate and release a unified benchmark suite spanning four EEG decoding tasks of
increasing complexity (SSVEP, Motor Imagery, P300, and Imagined Speech) and
an evaluation protocol that addresses inconsistent split practices in prior EEG re-
search. Finally, we develop a statistical reporting framework tailored for low-trial
EEG settings. Our work provides a reproducible and open-source foundation for
subject-agnostic EEG decoding in real-world BCI systems.

1 Introduction

Electroencephalography (EEG) is a widely used modality in brain—computer interfaces (BClIs), sup-
porting applications from assistive communication to cognitive monitoring. Deep learning has im-
proved decoding across motor imagery, SSVEP, and speech tasks [8 [1} [18], yet generalizing to
unseen subjects remains challenging due to high inter-subject variability and limited data [[12} [3]].

Subject-specific models require extensive per-user calibration [9) 22], while multi-subject models
struggle to generalize [25, 20, |32]. The alternative is to use two-stage pipelines that generate EEG
via GANs or diffusion and then train decoders [9, 29], but they suffer from low realism, artifact
transfer, and inefficiencies.

We propose MultiDiffNet, a unified multi-objective diffusion framework that learns a shared latent
space, eliminating the need for synthetic augmentation and enhancing generalization. To benchmark
progress, we release a curated suite spanning SSVEP, Motor Imagery, P300, and Imagined Speech
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tasks, with standardized subject- and session-disjoint evaluation. We also develop a statistical re-
porting protocol tailored for low-trial EEG research, addressing a persistent gap in reproducibility.
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Figure 1: Overview of the MultiDiffNet that jointly optimizes a conditional DDPM, a contrastive
encoder, and a generative decoder through a shared latent space z. The encoder produces discrimi-
native features used for both classification and contrastive learning, while the decoder and DDPM
reconstruct the input signal. An optional temporal masked mixup module stochastically blends the
original, DDPM-denoised, and decoder-reconstructed EEG to improve representation quality.

2 Related work

We cite foundational and recent works across EEG decoding [IL7, 19, 26} 27, |11} [12} |3} 25} 20,
32|, diffusion modeling [30} [10} [2, 29} [14} |5, [7], augmentation strategies [23| 21} [13} [24} 133]], and
evaluation protocols [6, 4, (36} 116, 34]. See Appendix for detailed discussion.

3 Methodology

3.1 MultiDiffNet architecture

MultiDiffNet is a modular architecture designed to jointly optimize classification, reconstruction, and
contrastive structure learning from EEG signals. It consists of a Denoising Diffusion Probabilistic
Model (DDPM), a discriminative encoder, a generative decoder, and a classifier (Figure [I)).

Given araw EEG signal x € RE*T where C is the number of EEG channels and 7" is the number of
timepoints, the model processes the input in two parallel paths. First, the DDPM denoises the signal
via a learned reverse diffusion process, producing a refined version # € R“*7. Simultaneously,
the same input x is passed through an EEGNet-based encoder (See Section [3.2)) to extract a latent
representation z € RY, where D is the embedding dimension. The latent vector z is then used for
two purposes: (1) it is passed to a lightweight decoder to reconstruct the denoised signal £, resulting
in a reconstruction zg.. € RE*T; and (2) it is passed to a fully connected classification head to
predict class logits § € R¥, where K is the number of classes.

To further structure the latent space, z is locally normalized (Section [3.3) and then projected to
Zproj € RP", which is optimized with a supervised contrastive loss. All classification and reconstruc-
tion are performed directly from z, without relying on generated augmentations.

We performed an extensive ablation study across architectural variants, modifying the presence of
DDPMs, encoder inputs, decoder pathways, classifier heads, and loss terms. The configuration de-
scribed here reflects the best-performing combination.



3.2 EEGNet-style encoder with attention pool

Given EEGNet’s demonstrated effectiveness across multiple EEG decoding tasks, we adapt its ar-
chitecture as our discriminative encoder, hypothesizing that its proven feature extraction capabilities
can produce powerful latent representations z for our multi-objective framework. Our encoder ex-
tracts multi-scale features (dnq, dns, dns) from different layers and applies attention pooling:

z = AttentionPool(dnsz) € R,

3.3 Subject-wise latent normalization

To mitigate inter-subject variability, we apply subject-wise normalization on the encoder output z:
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where pi; and o denote the mean and standard deviation computed per subject s using a subset of
training trials. During evaluation, we adopt a two-mode strategy: for seen subjects, normalization
uses pre-computed statistics from their training data; for unseen subjects, statistics are estimated
on-the-fly using their own calibration trials, simulating realistic deployment scenarios.

3.4 Mixup strategies

Mixup strategies can improve robustness in low-trial EEG decoding. However, standard mixup tech-
niques may not fully exploit the structure of neural time series. We therefore explore two comple-
mentary strategies: Weighted Average Mixup and a novel Temporal Masked Mixup. Weighted Aver-
age Mixup performs linear interpolation between the original EEG input x, the DDPM-denoised out-
put Z, and the decoder reconstruction x4... We investigate multiple integration points in the model:
(0) Input-level mixup, (1-3) Mixup after encoder layers 1, 2, or 3, respectively, (4) Mixup after the
final attention pooling layer. To address the limitations of global interpolation, we propose Temporal
Masked Mixup, which perturbs only localized segments of the input time series while preserving
surrounding structure. See Appendix for pseudocode and Figure I] for an illustration.

3.5 Loss functions

MultiDiffNet is trained using a weighted sum of three objectives:

Liotal = ¢ £CE/MSE(Q> y) + 6 Ly, (mdeca i') +v ESupCon(zprojv y)

classification reconstruction contrastive

We fix a = 1.0 and progressively scale 3 and + to stabilize training:

epoch epoch

/8 = min (10, 100> . 0057 Y = min <10, 50) -0.2

Details on loss formulation and weighting strategies are provided in the Appendix.

3.6 Evaluation metrics

We evaluate model performance primarily using downstream classification accuracy, which quanti-
fies the proportion of correctly classified EEG samples. Accuracy is defined as:

TP+TN
TP+TN+FP+FN

Accuracy =

where T'P, T'N, F'P, and F'N denote true positives, true negatives, false positives, and false nega-
tives, respectively. In addition, we report F1 score, precision, recall, and AUC for a more compre-
hensive evaluation; detailed formulas and results are provided in the Appendix.



3.7 Trend-level statistical reporting framework

Conventional p-values often fail under the high-variance, low-trial, subject-disjoint conditions of
EEG decoding. To address this, we introduce a robust trend-level statistical framework (detailed in
the Appendix) that synthesizes effect sizes, cross-seed consistency, and Bayesian posterior probabil-
ities. This allows us to detect systematic, reproducible gains even when classical significance tests
return null results. Our approach represents a principled shift toward reproducible, evidence-based
model evaluation in brain decoding.

4 Experiments and results

4.1 Benchmark dataset suite

Dataset Task Paradigm
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Figure 2: Overview of four EEG datasets ranked by task difficulty from easiest (top) to hardest
(bottom). Task paradigms and preprocessing details are adapted from the original publications:
SSVEP [31]], P300 [[15], Motor Imagery [28], and Imagined Speech [33].

We curated four diverse EEG benchmarks (SSVEP, P300, Motor Imagery, and Imagined Speech),
spanning increasing decoding difficulty. Each dataset is split into train, val, and two test sets: a seen-
subject (intra-subject) split and an unseen-subject (cross-subject) split. This standardized protocol
enables rigorous evaluation of both personalization and generalization, addressing the inconsistent
and often unrealistic split practices prevalent in prior EEG research, where models are evaluated on
mixed subject data or using computationally expensive LOSO.

4.2 Generalization performance

MultiDiffNet delivers a decisive leap in generalization. Unlike raw EEG representations, where class
boundaries blur due to subject-specific noise, our learned latent space forms clearly separable, label-
aligned clusters (Figure [3)). This structured representation enables robust decoding across subjects.
As shown in Table [T} MultiDiffNet consistently reduces the seen—unseen accuracy gap across all
tasks. In SSVEP, it lifts cross-subject accuracy from 81.08% (EEGNet) to 84.72%, further boosted
to 85.25% with Temporal Masked Mixup. Even in the low-SNR regime of Imagined Speech, it
delivers a +6.3% gain over baseline. While effects on P300 and Motor Imagery are smaller—likely
due to ceiling effects or dataset limitations, our results decisively demonstrate that MultiDiffNet
learns invariant, generalizable representations across a wide spectrum of EEG decoding challenges.

4.3 Ablation studies

To understand what drives generalization in MultiDiffNet, we ran extensive ablation experiments,
over 100 controlled configs. All results are reported for both seen- and unseen-subject accuracy,
with statistical evidence matrices and trend-level effect sizes in the Appendix.

Decoder input. Feeding only z to the decoder often matches or exceeds more complex fusion vari-
ants. For example, SSVEP unseen accuracy reaches 84.72% with z alone, further boosted to 85.25%



(A) Latent space evolution across epochs via t-SNE and class centroid distances, showing how the model learns to better separate different classes over time (SSVEP task).

(A1) Test seen subjects (A.2) Test unseen subjects

(B) Classification performance from frozen latent space across epochs via accuracy and macro-AUROC on seen/unseen test sets, showing improved generalization over time.
(B.1) SSVEP task (B.2) P300 task (B.3) Motor imagery task (B.4) Imagined speech task
roAuROC

Figure 3: (A) Visualization of latent space across training epochs. (B) Downstream classification
performance from frozen latent representations.

Table 1: Final results across tasks and models. Accuracy is reported for both seen-subject (intra-
subject) and unseen-subject (cross-subject) test splits. Tasks are ranked by task difficulty. Stars de-
note win percentage: *** > 80%, ** > 60%, * > 40%. Detailed results are in the Appendix.

Task Model Subj. Classes Seen Acc. (%) Unseen Acc.
(%)
EEGNet 35 26 89.16 £ 0.57""  81.08 £9.16"
SSVEP EEGNet + Vanilla Aug. 35 26 74.01 + 1.43 30.02 + 3.16
MultiDiffNet 35 26 85.08 + 1.53" 84.72 + 6.03"
MultiDiffNet + Temp. Mixup 35 26 86.79 + 1.75"  85.25 +6.94™"
EEGNet 43 2 88.79 + 0.67" 87.24 +£2.01
P300 MultiDiffNet 43 2 85.35 + 1.12 79.47 &+ 0.54"
MultiDiffNet + Temp. Mixup 43 2 85.61 +0.52 79.56 £ 4.43
EEGNet 9 4 67.01 +£5.38"  46.18 +7.20"
MI MultiDiffNet 9 4 55.85 4+ 2.80 39.24 + 8.00
MultiDiffNet + Temp. Mixup 9 4 57.69 + 3.27" 36.78 &+ 5.23
EEGNet 14 11 11.26 +2.01 10.61 &+ 0.93
Img. Speech MultiDiffNet 14 11 15.55 + 0.62" 11.62 £+ 1.29"
MultiDiffNet + Temp. Mixup 14 11 1757 + 1.167 12.12 4+ 0.38"

with mixup, while more elaborate fusions (2 + 2, xpa + skips) show no consistent gains. These find-
ings validate our architectural decision to decode primarily from z.

Classifier head. A lightweight FC head on z delivers state-of-the-art generalization with minimal
complexity. It rivals or outperforms EEGNet classifiers trained on x, especially in low-SNR tasks.
This supports our choice to use FC as the default classification head.

Encoder and decoder. Using raw x as encoder input consistently outperforms Z, showing that de-
noising is useful for regularization. Interestingly, removing the decoder entirely sometimes improves
generalization, suggesting that reconstruction may introduce noise if overemphasized.

Loss combinations. Combining CE with mild MSE or contrastive losses improves stability, particu-
larly when auxiliary weights are gently annealed. The best results use 5 = 0.05, v = 0.2—balancing
reconstruction as a regularizer without overpowering the classification objective.

Mixup strategies. Mixup effects are task-specific. For SSVEP, Temporal Masked Mixup outper-
forms all variants. Motor Imagery benefits from Weighted Average Mixup, while P300 and Imagined
Speech show limited sensitivity, highlighting that mixup is most impactful in high-SNR regimes.



5 Conclusions and future work

We presented MultiDiffNet, a diffusion-based neural decoder that learns a compact, multi-objective
latent space for EEG decoding without synthetic augmentation. Through unified benchmarks and
rigorous cross-subject evaluation, we showed that MultiDiffNet achieves strong generalization across
diverse BCI paradigms, particularly in challenging low-signal settings such as SSVEP and Imag-
ined Speech. Our statistical analysis framework further addresses reproducibility challenges in low-
trial EEG research. Future work will explore scaling MultiDiffNet to larger and more diverse EEG
datasets and extending the architecture to other neural modalities.
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