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Abstract

Synthetic electroencephalography (EEG) data can address privacy, data scarcity, and class imbal-
ance. Current generators rarely target EEG specifically and are evaluated with metrics that ignore
its physiology. To address these limitations, we propose EEGGAN-SepH, which extends EEGGAN,
a transformer-based Time Series Generative Adversarial Network, with a Separable Output Head
(SepH). SepH is a lightweight module built around a separable convolution followed by a learnable
temporal smoothing filter, designed to model local temporal dynamics and suppress high-frequency
noise. We further introduce an evaluation pipeline that computes the Fréchet Distance (FD) and
the Maximum Mean Discrepancy (MMD) on features from EEG-specific models (xDAWN, EEGNet,
REVE) alongside image-based ones. On the Reinforcement Learning and BCIAUT-P300 datasets,
EEGGAN-SepH outperforms EEGGAN across nearly all fidelity and utility metrics and yields
cleaner ERPs and spectra. A gaussian noise injection test further shows that the standard FD
based on extracted features from time-frequency images is largely insensitive to mild noise, whereas
EEG-specific metrics respond consistently, supporting their adoption for evaluating synthetic EEG.

Keywords: Generative Adversarial Networks, EEG, Synthetic Data, Evaluation Metrics

1 Introduction1

Electroencephalography (EEG) is a non-invasive2

technique used to record brain activity by mea-3

suring the electrical exchanges between neurons4
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through dedicated electrodes positioned on the5

scalp [1]. EEG has many applications relevant not6

only to assisting disadvantaged individuals but7

also to supporting recovery, rehabilitation, and8

daily life more broadly, based on Motor Imagery9

(MI), sleep-stage classification, emotion recog-10

nition, recognition of Event-Related Potentials11

(ERPs), and the detection of neurological con-12

ditions such as Alzheimer’s disease, Parkinson’s13

disease, and autism spectrum disorder [2–4].14

Deep Learning is becoming increasingly preva-15

lent across systems able to support the life condi-16

tions of people, and it has also found application17

in EEG studies, achieving important results in18

pathology detection [5] as well as in assisting MI19

rehabilitation [6, 7].20

Following these successes in classification,21

many architectures have been employed for22

other EEG-related tasks, with growing attention23

directed toward the generation field as well [8, 9].24

Deep learning is used also to generate data,25

where generative models are effective in creating26

synthetic data with features similar to the ones27

of real EEG data [10]. Synthetic data offer a way28

to address several limitations present in the state29

of the art of EEG research, such as producing30

new datasets free from privacy issues, extending31

existing ones with new samples, and generating32

artificial patients sharing the same characteris-33

tics as real ones [11]. This leads to the use of34

data augmentation, enables larger-scale analyses35

for clinicians, engineers, and AI experts, and sup-36

ports the use of foundation models, which are37

known to be data-hungry.38

Two families are currently prominent: Gen-39

erative Adversarial Networks (GANs), where a40

generator improves through the feedback of a41

discriminator that judges the plausibility of the42

generated samples, and Diffusion Models, which43

learn to reverse a noising process until the signal44

takes the shape of an EEG trial [12]. Generative45

models are typically evaluated through qualitative46

inspection of EEG graphics and quantitative met-47

rics that assess the fidelity of the generated data48

with respect to the real data such as Fréchet Incep-49

tion Distance (FID) and CLIP MMD (CMMD)50

[13].51

Many studies have already demonstrated the52

effectiveness of recreating synthetic EEGs that53

faithfully reproduce the principal components [14–54

16]; for this reason, deep learning-based generative55

models nowadays represent an innovative and56

highly relevant topic in the EEG field.57

Although generative models offer significant58

benefits, the literature also highlights an impor-59

tant gap: synthetic EEG data often exhibit a high60

discrepancy, as measured by fidelity metrics, with61

respect to data recorded in a laboratory setting,62

which limits their practical use. Moreover, many63

studies rely on misleading metrics that fail to64

accurately capture this discrepancy. In this work,65

we address both gaps. On the generation side, we66
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extend EEGGAN [17] with the Separable Out-67

put Head (SepH), which converts the transformer68

output into the EEG trial through a spatial pro-69

jection, a separable convolution and a learnable70

temporal smoothing filter. On the evaluation side,71

we compute the Fréchet Distance (FD) and the72

Maximum Mean Discrepancy (MMD) [18] on fea-73

tures from EEG-specific models, and we assess74

their reliability with a gaussian noise injection75

test.76

The main contributions of this study are:77

• a lightweight, EEG-oriented output head that78

models local temporal dynamics and suppresses79

high-frequency noise with only a few additional80

generator parameters.81

• a pipeline in which FD and MMD on EEG-82

specific features respond consistently to gaus-83

sian noise, unlike the standard FID on time-84

frequency images.85

• on two ERP datasets, EEGGAN-SepH yields86

cleaner ERPs and spectra, decreasing nearly87

all FD and MMD compared to the ones of88

EEGGAN; generating in the latent space of89

EEGGAN’s auxiliary autoencoder (AE) instead90

degrades fidelity.91

The remainder of the paper is organized as92

follows. Section 2 reviews the related literature93

on synthetic EEG data generation and evalu-94

ation. Section 3 describes the proposed SepH95

module, the training and the evaluation pipeline.96

Section 4 details the datasets, preprocessing steps,97

experimental setup, and reports the experimen-98

tal results. Section 5 presents the ablation study.99

Section 6 discusses the results, and Section 7100

draws our conclusions.101

2 Related work102

2.1 Utility of Synthetic EEG Data103

Since EEG datasets are typically small [19]104

and class-imbalanced [20], synthetic samples have105

proven effective for dataset extension [21]. Syn-106

thetic data yield classification gains on depressive107

disorder [22] and across EEG tasks [23], and even108

accuracy comparable to real data when training109

exclusively on synthetic samples for seizure predic-110

tion [24]. They can also support the pre-training111

of data-hungry foundation models [25] and reduce112

distribution shift across subjects, hardware and113

mental states [26]. Finally, they sidestep the pri-114

vacy constraints that confine much of the liter-115

ature to private, non-reproducible datasets [22],116

and have found use in federated learning and117

preprocessing analyses [26–28].118

2.2 Generative Models for EEG119

Early EEG data augmentation relied on training-120

free techniques such as mixup [29], SMOTE [30],121

gaussian noise injection [31], frequency shifting,122

time masking [32], channel shuffling [33], and123

Fourier transform surrogates [34], which merely124
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apply minor, often biologically implausible per-125

turbations to real samples [35]. AEs and Vari-126

ational AEs [36] only partially mitigated this,127

still producing near-copies of the training data.128

Most recent models therefore rely on GANs [37],129

commonly using the Wasserstein distance with130

gradient penalty (WGAN-GP) to prevent mode131

collapse [38, 39]. A class-conditioned WGAN-132

GP [15] improved the Gaussian Mixture Model133

(GMM)-based similarity metric [40] over GAN134

and WGAN-GP baselines, and BWGAN-GP [41]135

extended it by initializing discriminator and gen-136

erator from a pre-trained autoencoder, so that137

generation starts from a learned latent embedding138

rather than random noise. EEGGAN adapts the139

Transformer Time Series GAN (TTS-GAN) [42]140

to EEG: a noise vector is linearly projected, posi-141

tionally encoded, processed by transformer blocks,142

and mapped to the signal via a single 1×1 convolu-143

tion, while the critic classifies embedded temporal144

patches through a prepended classification token;145

an optional transformer autoencoder can compress146

the signals to ease generation.147

Diffusion models have also been explored.148

DESAM [43] mixes diffusion-generated and real149

motor imagery EEG to overcome the incon-150

sistent results of fully synthetic augmentation,151

while U-Net-based diffusion models report FID152

and classification gains on motor imagery and153

visual evoked potentials [16], and improved cross-154

subject generalization over GAN, DCGAN [44],155

and WGAN-GP baselines [45]. However, diffu-156

sion models require large training sets [46, 47],157

at odds with the scarce and imbalanced nature158

of EEG data [48], and their iterative sampling is159

poorly suited to real-time Brain Computer Inter-160

faces (BCIs), whereas GANs generate samples in161

a single step.162

More generally, these models often inherit163

architectures designed for generic time series or164

images, without an explicit focus on EEG, which165

limits their ability to capture its spatiotempo-166

ral relationships and results in poor fidelity. We167

address this gap by introducing the SepH for168

EEGGAN.169

2.3 Evaluation Metrics for170

Synthetic Signals171

Since no single measure can characterize the plau-172

sibility of a generated biosignal, fidelity must be173

jointly assessed along temporal, spectral, statis-174

tical, and spatial dimensions. Prior work relies175

on time-domain errors and cross-correlation [49,176

50], on spectral errors and comparisons of the177

Power Spectral Density [51], and on statistical178

divergences between the two distributions [52–179

54], whereas deep-learning-based metrics, such as180

the Fréchet Inception Distance (FID) [55], rely181

on features from networks pretrained on natural182
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images to assess realism and diversity [56, 57].183

Spatial connectivity metrics, such as covariance184

and correlation distances, instead verify whether185

inter-electrode relationships are preserved [58, 59].186

Nevertheless, most works adopt only a small187

subset of these measures, typically time-domain188

errors or features extracted by networks pre-189

trained on natural images, which overlook the190

physiological nature of brain activity [47]. They191

are often computed indiscriminately over noise,192

artifacts, and task-unrelated activity, and many193

fail to capture temporal shifts or detect mode col-194

lapse [60, 61]. We therefore adopt dedicated EEG-195

oriented fidelity metrics and feature extractors196

that better capture the physiologically plausible197

characteristics of the generated signals.198

3 Methods199

In this work, we present EEGGAN-SepH (Fig. 1),200

which uses an EEG-oriented output head for syn-201

thetic EEG generation built upon the EEGGAN202

[17]. The generator’s transformer encoder from203

random noise given as input produces a sequence204

of latent tokens, which are then converted into a205

synthetic EEG signal through the SepH step to206

preserve EEG features.207

3.1 SepH module208

While the transformer encoder in the EEG-209

GAN effectively captures the temporal and spatial210

Fig. 1: Overview of the EEGGAN-SepH

architecture. The generator (left) maps a noise
vector to a sequence of latent tokens through a
linear projection, positional embedding and N

transformer encoder blocks; the proposed SepH
then converts the tokens into the synthetic EEG
trial. The critic (right) splits real or synthetic
trials into temporal patches, prepends a classifi-
cation token, processes them with M transformer
encoder blocks and outputs a real/fake score
through a classification head.

dynamics of the signal, it also introduces architec-211

tural bias and high-frequency noise into its output212

tokens. The simple single-step 2D convolution is213

not designed to remove such artifacts, resulting in214

synthetic signals affected by high-frequency noise215

and a distribution shift with respect to real EEG216

data.217

To address this limitation, we replace the orig-218

inal output layer with an EEG-oriented module in219

the figure 2, inspired by EEGNet [62], which we220
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refer to as SepH. It departs from the original EEG-221

Net block by introducing a spatial projection from222

the embedding space, replacing batch normaliza-223

tion with group normalization, using LeakyReLU224

instead of ELU, removing pooling to preserve the225

temporal resolution of the generated signal, and226

adding a learnable temporal smoothing filter.227

Spatial projection.228

The transformer output, of shape (B, 1, T, E),229

where B is the batch, T is the sequence length230

and E the embedding dimension, is first projected231

through a 2D convolution with kernel size (1, E),232

mapping the embedding dimension into D × C233

intermediate channels, where C is the number of234

EEG channels and D, following the convention235

introduced by EEGNet [62], denotes the number236

of spatial filters learned for each input channel.237

This yields a tensor of shape (B,D·C, T, 1), rein-238

troducing an explicit spatial dimension. Group239

normalization, rather than batch normalization, is240

applied at this stage, followed by a LeakyReLU241

activation. Unlike batch normalization, which242

computes statistics across the batch dimension243

and can thus introduce unwanted dependencies244

between samples during generation, group normal-245

ization computes statistics independently for each246

sample, avoiding this cross-sample contamination.247

Separable convolution.248

Inspired by EEGNet’s depthwise-separable block,249

the projected tensor is processed by a depthwise250

convolution (kernel size 3, groups = D·C), which251

operates along the temporal dimension, learning252

local temporal dynamics independently for each of253

the D·C channels. This is followed by a pointwise254

convolution (kernel size 1), which instead operates255

across the D·C dimension, mixing information256

between channels to capture spatial dependencies257

and produce the final C-channel output.258

Temporal smoothing.259

To suppress residual high-frequency noise, a260

depthwise, learnable temporal smoothing filter is261

applied independently to each channel, with ker-262

nel size adaptively set relative to the sequence263

length and initialized from a gaussian kernel. To264

avoid over-smoothing, which could remove phys-265

iologically relevant high-frequency activity, the266

smoothed signal xsmooth is combined with the pre-267

smoothing signal x through a learnable residual268

mix:269

x′ = αxsmooth + (1 − α)x, (1)

where α ∈ [0, 1] is learned during training,270

allowing the model to adaptively balance noise271

suppression against signal preservation.272

3.2 EEGGAN-SepH Training273

EEGGAN-SepH is trained using the Wasserstein274

loss with a gradient penalty regularization term,275
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Fig. 2: Schematic of the proposed SepH

module. The transformer output is first pro-
cessed by a spatial projection, then by a separable
convolution block, and finally by a learnable tem-
poral smoothing filter, whose output is combined
with the pre-smoothing signal through a residual
mix.

which prevents mode collapse and stabilizes train-276

ing [63]. The critic loss is defined as:277

LD = Ex̃∼Pg
[D(x̃)] − Ex∼Pr

[D(x)]

+ λgp Ex̂∼Px̂

[

(∥∇x̂D(x̂)∥2 − 1)2
]

, (2)

while the generator loss is defined as:278

LG = −Ex̃∼Pg
[D(x̃)], (3)

where Pr and Pg denote the real and gen-279

erated data distributions, respectively, x̂ is a280

sample obtained via linear interpolation between281

real and generated data, and λgp is the gradient282

penalty coefficient. The model is class-conditioned283

by appending the labels as additional input chan-284

nels; on Dataset 2, it is conditioned also for subject285

and session.286

3.3 Evaluation Metrics287

We evaluate the synthetic samples through both288

a qualitative and a quantitative assessment that289

complements commonly used image-based met-290

rics with features from EEG-specific models. The291

qualitative evaluation inspects the trial-averaged292

Event-Related Potential (ERP), frequency spec-293

trum, and channel-wise correlation matrix, while294

the quantitative one compares the feature distri-295

butions of real (P ) and synthetic (Q) samples296

through the Fréchet Distance (FD, referred to as297

FID when computed on Inception-v3 features) and298

the Maximum Mean Discrepancy (MMD), both299

computed on the embeddings that a pretrained or300

trained feature extractor produces for each trial.301

FD is the Wasserstein-2 distance between302

the multivariate Gaussians N (µP ,ΣP ) and303
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N (µQ,ΣQ) fitted to the real and synthetic embed-304

dings:305

FD(P,Q) = ∥µP − µQ∥
2
2

+ Tr
(

ΣP + ΣQ − 2 (ΣP ΣQ)
1/2

)

, (4)

where the covariance matrices are estimated306

by Maximum Likelihood Estimation (MLE) for307

Inception-v3 features and by Oracle Approximat-308

ing Shrinkage (OAS) for all other extractors, to309

ensure numerical stability. MMD is a kernel-based,310

non-parametric two-sample statistic measuring311

the distance between the mean embeddings of P312

and Q in a reproducing kernel Hilbert space:313

MMD2(P,Q) = E [k(x,x′)] + E [k(y,y′)]

− 2E [k(x,y)] , (5)

with x,x′ ∼ P , y,y′ ∼ Q, and k(·, ·) a Radial314

Basis Function (RBF) kernel with bandwidth σ =315

10; reported values are scaled by a factor of 103.316

For both metrics, lower values indicate closer317

agreement between real and synthetic distribu-318

tions.319

Since FD and MMD compare embeddings320

rather than raw signals, their outcome depends on321

the network used to extract them. We compute the322

metrics over the features extracted by the follow-323

ing extractors: xDAWN [64] provides spatial filters324

that enhance the evoked response, EEGNet [62]325

provides task-discriminative features learned on326

the same data, and REVE [65] provides general-327

purpose representations from a foundation model328

pretrained on large-scale EEG, while Inception-v3329

[66] and CLIP [67] serve as the image-based ref-330

erences commonly adopted in the literature. The331

two image-based models receive a grayscale Short-332

Time Fourier Transform (STFT) time-frequency333

image of each trial, resized and normalized accord-334

ing to the input requirements of each network. The335

EEG-based models operate directly on the tri-336

als: REVE is used as a frozen pretrained encoder,337

xDAWN is fitted on the training set of each338

dataset, and EEGNet is trained with supervision339

on the real training set over three random seeds.340

For REVE and EEGNet, features are extracted341

from the penultimate layer.342

For Dataset 1, we generate 5000 synthetic sam-343

ples per class and compute both metrics on all344

real and synthetic samples. For BCIAUT-P300345

Dataset, 5000 trials are randomly drawn from each346

of the training, test and synthetic sets, pooling347

subjects and sessions. Although the generator is348

conditioned on class, subject and session, the met-349

rics could not be computed at the session level:350

each session contains only 200 target trials, which351

is insufficient to reliably estimate the covariance352

matrices required by the FD and makes the metric353

unstable. In both cases, the metrics are computed354

against both the training without mixup and the355

test set.356
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To assess the utility of the synthetic data, we357

evaluate them in a transfer-learning setting on358

Dataset 2, which is based on an oddball paradigm359

with a 1:7 target-to-non-target ratio. For each sub-360

ject and session, EEGNet was first pre-trained on361

a set derived from all subjects and sessions of362

Dataset 2 except the session used for fine-tuning,363

and then fine-tuned on the calibration data of that364

session. Four pre-training strategies were com-365

pared: no pre-training, pre-training on real data,366

and pre-training on data generated by EEGGAN367

or EEGGAN-SepH. To evaluate the impact of the368

amount of fine-tuning data, the calibration set369

was reduced proportionally to 12.5%, 25%, 50%,370

and 100% of its size, preserving the class ratio.371

Performance was measured on held-out data from372

the same session using balanced accuracy and373

the area under the ROC curve (AUC). In both374

pre-training and fine-tuning, EEGNet was trained375

with a class-weighted loss to account for class376

imbalance, and each configuration was repeated377

with three random seeds.378

To assess the sensitivity of each metric, we379

additionally perform a noise injection test on the380

training set of Dataset 2: gaussian noise with stan-381

dard deviation increasing from 0 to 1 in steps382

of 0.1 is added to the z-scored real trials, and383

FD and MMD are computed between the clean384

and the noisy sets for each class and feature385

extractor. A reliable metric is expected to increase386

monotonically with the noise level.387

4 Experiments and Results388

4.1 Dataset389

To evaluate the proposed framework, we conduct390

experiments on two EEG datasets, both repre-391

senting event-related potentials (ERPs) elicited by392

visual stimuli.393

(1) Reinforcement Learning Dataset394

This dataset captures neural responses to395

binary win/loss visual feedback during a two-396

armed bandit task [68]. EEG data were recorded397

at 500 Hz using a 32- or 64-electrode ActiCAP sys-398

tem (Brain Products GmbH, Munich, Germany).399

The training set comprises 15 participants and400

1129 samples (516 Win, 613 Lose); the test set401

comprises 200 additional participants and 15516402

samples (7536 Win, 7980 Lose).403

(2) BCIAUT-P300 Dataset404

BCIAUT-P300 [69] is a multi-session P300-405

based BCI dataset from 15 individuals with406

autism spectrum disorder undergoing joint-407

attention training, comprising 105 sessions (7 per408

participant). Participants visually identified a tar-409

get object among flashed distractors, eliciting a410

target-related P300 response when the attended411

object matched the requested one. Each session412

includes a calibration phase (train) and an online413

phase (test): calibration consists of 20 blocks of 10414

runs, yielding 1600 epochs per session (200 target,415

1400 non-target) and was used to determine, per416

session, the minimum number of runs per block417
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(K) achieving above 80% classifier accuracy; the418

online phase then used 50 blocks with K (rang-419

ing 3–10) runs each. EEG data were recorded at420

250 Hz from eight channels (C3, Cz, C4, CPz, P3,421

Pz, P4, POz), referenced at the right ear with422

ground at AFz.423

4.2 Data Preprocessing424

For RL Dataset, data were preprocessed following425

[70]. Only the channel FCz is selected. Signals were426

downsampled to 100 time points (effective sam-427

pling rate of 83.33 Hz) and epoched from −200 ms428

to 1000 ms relative to feedback onset. Min-max429

normalization to the [0, 1] range was applied prior430

to training, following the same prior work.431

For BCIAUT-P300 Dataset, data were resam-432

pled from 250 Hz to 128 Hz and epoched from433

−200 ms to 800 ms relative to stimulus onset.434

This window was selected based on inspection435

of the grand-average ERP across all subjects436

and sessions, which showed that neural activity437

returned to pre-stimulus baseline levels by 800 ms.438

A gaussian filter (kernel size 13, σ = 2.5) was439

applied to both training and test sets to sup-440

press high-frequency noise while preserving the441

low-frequency content where most of the P300442

power lies, which is what we want to recreate in443

the synthetic data. To address the strong class444

imbalance between target and non-target trials, a445

mixup [29] operation was applied to the training446

set, combining trials belonging to the target class,447

same session, and subject to generate new sam-448

ples. Mixup is used only to train the generative449

models and not on metric evaluation. Trial-wise450

standardization (zero mean, unit standard devi-451

ation) was applied to reduce variability across452

sessions and subjects.453

4.3 Device and Parameters454

Experiments were implemented in PyTorch and455

run on an Intel Core i9-14900K CPU with an456

NVIDIA GeForce RTX 4090 GPU (24 GB).457

GAN hyperparameters mostly follow [17]. On458

both datasets, generator and critic use four trans-459

former layers with five attention heads, Adam460

(β1 = 0, β2 = 0.9, learning rate 10−4 for both),461

a latent dimension of 128, λgp = 10, and critic462

dropout and forward dropout of 0.5. On Dataset 1,463

the GAN is trained for 4,000 epochs with batch464

size 128, five critic iterations per generator update,465

generator forward and attention dropout of 0.5,466

generator and critic embedding dimensions of 10467

and 50, sequence length 100, and class condition-468

ing; the patch size is 10 in the AE latent space469

and 20 on raw signals (five patches in both cases).470

On Dataset 2, it is trained for 2,000 epochs with471

batch size 2,048, two critic iterations per gen-472

erator update, generator forward and attention473

dropout of 0.2, embedding dimensions of 60 and474

120, sequence length 128, patch size 16, and con-475

ditioning on class, subject, and session. The critic476
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iterations were reduced because the critic other-477

wise overpowered the generator, and the dropout478

was lowered to stabilize training; the larger batch479

size speeds up training, with embedding dimen-480

sions scaled accordingly to keep the two networks481

balanced.482

The auxiliary AE, used only on Dataset 1,483

compresses the signals along time to a length of484

50 using a two-layer transformer (hidden dimen-485

sion 256, eight attention heads, dropout 0.1) with486

a sigmoid decoder output, trained for 2,000 epochs487

with batch size 128, learning rate 10−4 and train-488

ing ratio 0.8.489

On both datasets, the SepH uses D = 2, a490

(1, E) spatial projection kernel, with E the embed-491

ding dimension, a depthwise convolution with ker-492

nel size 3 and padding 1, a pointwise convolution493

with kernel size 1, group normalization after both494

the spatial projection and the channel mixing, and495

LeakyReLU (negative slope 0.2). The temporal496

smoothing kernel has size 7 on Dataset 1 and 9 on497

Dataset 2, and the mixing coefficient α, initialized498

to 0.5, converges to 0.74 and 0.89, respectively.499

On Dataset 1, the generator has 136,331 parame-500

ters in EEGGAN and 136,362 in EEGGAN-SepH501

(+31); on Dataset 2, 1,197,848 and 1,198,617502

(+769). The critic is unchanged (125,151 and503

720,241 parameters on the two datasets), and the504

AE has 2,452,118 parameters.505

4.4 Results and Analysis506

To qualitatively evaluate the proposed model,507

we compare the z-scored grand-average ERPs,508

averaged across subjects, of real and synthetic509

data. On Dataset 1 (Fig. 3), we compare four510

configurations: EEGGAN, EEGGAN operating511

in the latent space of the AE (EEGGAN-512

AE), EEGGAN-SepH, and its AE-based vari-513

ant (EEGGAN-AE-SepH). The ERPs generated514

by EEGGAN-SepH more closely resemble the515

Train and Test ERPs than those generated by516

EEGGAN-AE. On Dataset 2 (Fig. 4), the ERPs517

generated by EEGGAN-SepH closely match the518

real ones and show fewer spikes, a typical symp-519

tom of the high-frequency noise introduced by520

generative models. Consistently, the frequency521

spectrum computed via the Fast Fourier Trans-522

form (FFT) reveals less high-frequency noise in523

the data generated by the proposed model (Fig. 5).524

Finally, the grand-average inter-channel correla-525

tion is preserved by both architectures (Fig. 6).526

In the quantitative results for Dataset 1, the527

Train vs Test comparison reports among the low-528

est scores across most fidelity metrics for both529

classes (Table 1), and serves as the reference dis-530

crepancy against which the generative models are531

assessed.532

Comparing EEGGAN against EEGGAN-SepH533

shows a consistent improvement across all metrics534

for both classes and both reference sets. Against535
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Fig. 3: Grand-average ERP waveforms for

the Win and Lose conditions on RL

Dataset. A comparison between real data (Train,
Test) against synthetic data generated by four
models: EEGGAN-AE with the original output
head, EEGGAN-AE with the proposed SepH
module, EEGGAN, and EEGGAN-SepH.

Test, FD xDAWN drops by roughly two thirds536

(from 0.4999 to 0.1677 for Win) and FD EEG-537

Net by more than half (from 0.1297 to 0.0569),538

with comparable reductions for the Lose class539

and against Train. The improvement is confirmed540

across MMD xDAWN, CMMD, MMD REVE and541

MMD EEGNet, and, notably, also by FD Incep-542

tion: in this direct comparison all feature extrac-543

tors agree on the benefit of the proposed output544

head. The smallest gain, for MMD EEGNet on the545

Lose class against Test, lies within the seed-to-seed546

standard deviation.547

Fig. 4: Grand-average ERP waveforms for

the Target and Non-Target conditions on

BCIAUT-P300 Dataset. Z-scored ERPs aver-
aged across subjects and sessions of the BCIAUT-
P300 dataset for real data (Train and Test, top
row) and for synthetic data generated by EEG-
GAN with the original output head and by
EEGGAN-SepH (bottom row). Time 0 ms corre-
sponds to stimulus onset. The ERPs generated by
EEGGAN-SepH closely match the real ones and
show fewer high-frequency spikes than those gen-
erated by EEGGAN.

This picture changes once the auxiliary548

autoencoder is included: EEGGAN-AE-SepH549

underperforms EEGGAN-AE across nearly all550

metrics and both reference sets, with FD xDAWN551

roughly doubling for both classes. For the Win552

class the reversal holds across all eight metrics;553

for the Lose class, CMMD is the only exception.554

Comparing EEGGAN-SepH against EEGGAN-555

AE-SepH directly, i.e., isolating the effect of the556

autoencoder from that of the output head, FD557

xDAWN, FD REVE, FD EEGNet and FD Incep-558

tion all consistently favor EEGGAN-SepH (e.g.,559

FD EEGNet of 0.0569 vs. 0.3002 for Win against560

Test). Combining the auxiliary autoencoder with561
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Fig. 5: Grand-average of the frequency

spectrum for the Target and Non-Target

conditions on BCIAUT-P300 Dataset.

Power spectral density, computed via the Fast
Fourier Transform, for real data (Train and Test,
top row) and for synthetic data generated by
EEGGAN with the original output head and by
EEGGAN-SepH (bottom row) on the BCIAUT-
P300 dataset. The spectrum of EEGGAN-SepH
shows less high-frequency noise than that of EEG-
GAN.

the proposed module therefore has a negative562

effect on fidelity. FD Inception for EEGGAN-563

SepH against Test nevertheless remains well above564

the Train vs Test reference, indicating that, under565

Inception features, the synthetic data are still less566

similar to the real test set than the two real splits567

are to each other.568

Adding a gaussian filter to the output of EEG-569

GAN and EEGGAN-AE improves the Inception-570

and CLIP-based scores in every setting, to the571

point that EEGGAN-AE + Gauss filt. reaches572

the lowest FD Inception and CMMD among573

all generative models. The xDAWN-based scores574

also decrease, whereas the learned EEG-domain575

extractors do not support this improvement:576

Fig. 6: Grand-average of the correlation

between channels for the Target and

Non-Target conditions on BCIAUT-P300

Dataset. Inter-channel correlation matrices aver-
aged across trials of the BCIAUT-P300 dataset
for real data (Train and Test) and for synthetic
data generated by EEGGAN with the original out-
put head and by EEGGAN-SepH (one row each).
Both architectures preserve the inter-channel cor-
relation structure of the real data.

MMD EEGNet worsens in every setting, and577

both gaussian-filtered models remain far from578

EEGGAN-SepH on EEG-specific features (FD579

EEGNet of 0.1305 and 0.1414 against 0.0569 for580
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Win against Test). Notably, in the ablation study581

of Section 5, EEGGAN-SepH without the learn-582

able filter obtains lower FD Inception and CMMD583

against Test than EEGGAN-AE + Gauss filt. for584

both classes.585

Since the FD relies on covariance matrix esti-586

mation, whose accuracy depends on the number of587

samples in each set, and since Test contains more588

samples than Train, FD scores computed against589

Test tend to be lower than those computed against590

Train for the same generative model; the two ref-591

erences should therefore be compared only within592

themselves, as indicated in Table 1. This effect593

does not concern MMD, which does not require594

covariance estimation. For both classes, MMD595

xDAWN between Train and EEGGAN-SepH is596

equal to or lower than the Train vs Test reference,597

which we attribute to the limitations of this metric598

discussed below.599

On Dataset 2, the improvement introduced600

by the SepH is consistent across nearly all met-601

rics for both classes (Table 2). Against Train, FD602

xDAWN decreases by roughly 43% (from 6.9431 to603

3.9937 for Non-Target) and FD EEGNet by about604

one third, while MMD EEGNet and MMD REVE605

show the largest relative improvements, decreasing606

by roughly twofold and threefold respectively; the607

same pattern is confirmed against Test. FD Incep-608

tion also improves in both reference sets, in agree-609

ment with the EEG-oriented metrics. The one610

exception is MMD xDAWN, which increases with611

EEGGAN-SepH for both classes against Train and612

for the Target class against Test, remaining essen-613

tially unchanged for Non-Target. We note that614

MMD EEGNet for EEGGAN carries a large seed-615

to-seed standard deviation, so the corresponding616

improvement should be read with caution.617

Adding a gaussian filter to the output of EEG-618

GAN leads to a markedly different pattern on619

Dataset 2. The xDAWN- and REVE-based scores620

decrease in nearly all settings, and EEGGAN +621

Gauss filt. obtains the lowest MMD xDAWN in622

three of the four comparisons. In contrast, FD623

Inception and CMMD worsen in every setting624

(e.g., FD Inception from 1.6156 to 3.3780 for625

Test, Non-Target), i.e., in the opposite direction to626

Dataset 1, where the same operation yielded the627

best scores on these two metrics. MMD EEGNet628

worsens in every setting, as on Dataset 1, and FD629

EEGNet does not improve either, its only decrease630

lying within the seed-to-seed standard deviation.631

Overall, EEGGAN-SepH outperforms EEGGAN632

+ Gauss filt. on all metrics except MMD xDAWN.633

That one and the same operation, low-634

pass filtering the generated signals, substantially635

improves Inception and CLIP on one dataset and636

degrades them on the other, while the EEG-637

specific extractors respond in the same direction638

on both, is direct evidence that image-based fea-639

tures are not reliable for assessing the fidelity of640

EEG signals.641
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Table 3 shows that pre-training on data gen-642

erated by EEGGAN-SepH improves the classifica-643

tion results obtained with data generated by EEG-644

GAN, with balanced accuracy increasing from645

64.75% to 68.66% with 25 targets / 175 non-646

targets and from 71.71% to 73.20% with 200 tar-647

gets / 1400 non-targets, and AUC from 70.12% to648

75.07% and from 78.43% to 80.20%, respectively.649

In particular, pre-training on EEGGAN-SepH650

synthetic data is most helpful when fewer fine-651

tuning data are available: with 25 targets / 175652

non-targets, balanced accuracy rises from 62.58%653

without pre-training to 68.66% (AUC from 67.38%654

to 75.07%), and with 50 targets / 350 non-targets655

from 67.46% to 70.14%. This benefit decreases656

as the calibration set grows, becoming marginal657

with 100 targets / 700 non-targets (71.71% vs.658

71.19%) and reversing with 200 targets / 1400659

non-targets (73.20% vs. 74.07%). Pre-training on660

EEGGAN data, instead, is beneficial only with 25661

targets / 175 non-targets and falls below training662

from scratch for all larger budgets (e.g., 71.71%663

vs. 74.07% with 200 targets / 1400 non-targets).664

Nevertheless, pre-training on real data still yields665

the best results for every budget, with balanced666

accuracy of 71.37%, 72.49%, 73.84%, and 75.19%,667

compared to 68.66%, 70.14%, 71.71%, and 73.20%668

for EEGGAN-SepH.669

Fig. 7 shows the training set of Dataset 2 eval-670

uated with FD and MMD on xDAWN, REVE,671

EEGNet and Inception/CLIP features, as a func-672

tion of the gaussian noise added to the training673

samples, with standard deviation increasing in674

steps of 0.1. Overall, all metrics respond consis-675

tently to the amount of injected noise. MMD with676

xDAWN is the most problematic metric in this677

case, since it slightly decreases at low noise lev-678

els, which may bias the evaluation on Dataset 2;679

the Fréchet distance on the same features does not680

suffer from this issue. The results show that FID681

on images given by a STFT is almost insensitive682

to low noise, which suggests it is not the most683

suitable metric for evaluating synthetic EEG data.684

The results obtained with REVE and EEGNet are685

clearly more reliable.686

Table 1: FD and MMD scores on RL Dataset for Win and Lose classes.
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FD ↓ MMD ↓

Class Comparison xDAWN Inception REVE EEGNet xDAWN CLIP REVE EEGNet

Reference

Win Train vs Test 0.0626 8.6121 0.0058 0.0248 ± 0.0043 0.0010 0.0017 0.0032 0.0153 ± 0.0003

Lose Train vs Test 0.0522 7.6002 0.0052 0.0212 ± 0.0038 0.0011 0.0010 0.0039 0.0220 ± 0.0037

Train-based comparisons

Win

EEGGAN 0.5198 30.3015 0.0273 0.1433 ± 0.0227 0.0035 0.1647 0.0380 0.0890 ± 0.0156

EEGGAN + Gauss filt. 0.4178 28.9777 0.0283 0.1528 ± 0.0284 0.0014 0.1148 0.0403 0.1206 ± 0.0324

EEGGAN-AE 0.5423 30.7969 0.0328 0.1763 ± 0.0223 0.0079 0.0899 0.0762 0.1953 ± 0.0289

EEGGAN-AE + Gauss filt. 0.4888 22.5803 0.0298 0.1564 ± 0.0205 0.0049 0.0578 0.0538 0.1988 ± 0.0145

EEGGAN-SepH 0.2290 27.2424 0.0152 0.0773 ± 0.0114 0.0010 0.0978 0.0232 0.0589 ± 0.0221

EEGGAN-AE-SepH 0.9592 36.6599 0.0443 0.2998 ± 0.0285 0.0279 0.1124 0.1450 0.7265 ± 0.0650

Lose

EEGGAN 0.5357 31.1540 0.0286 0.1462 ± 0.0242 0.0050 0.1683 0.0455 0.1090 ± 0.0275

EEGGAN + Gauss filt. 0.4088 28.6613 0.0276 0.1514 ± 0.0298 0.0017 0.1132 0.0497 0.1210 ± 0.0421

EEGGAN-AE 0.5505 28.2599 0.0316 0.1720 ± 0.0209 0.0088 0.0850 0.0666 0.1972 ± 0.0084

EEGGAN-AE + Gauss filt. 0.4849 20.3681 0.0270 0.1507 ± 0.0202 0.0055 0.0536 0.0485 0.2191 ± 0.0166

EEGGAN-SepH 0.2150 26.6978 0.0134 0.0787 ± 0.0132 0.0008 0.1004 0.0201 0.0870 ± 0.0298

EEGGAN-AE-SepH 1.0238 31.0913 0.0555 0.3090 ± 0.0225 0.0257 0.0765 0.1901 0.7548 ± 0.0690

Test-based comparisons

Win

EEGGAN 0.4999 25.5776 0.0255 0.1297 ± 0.0211 0.0044 0.1625 0.0449 0.0992 ± 0.0141

EEGGAN + Gauss filt. 0.3546 20.8308 0.0229 0.1305 ± 0.0254 0.0019 0.1061 0.0365 0.1287 ± 0.0308

EEGGAN-AE 0.5712 23.6455 0.0318 0.1722 ± 0.0208 0.0086 0.0955 0.0863 0.1993 ± 0.0294

EEGGAN-AE + Gauss filt. 0.4647 13.2558 0.0260 0.1414 ± 0.0166 0.0054 0.0477 0.0575 0.2056 ± 0.0169

EEGGAN-SepH 0.1677 18.8917 0.0102 0.0569 ± 0.0084 0.0018 0.0923 0.0207 0.0666 ± 0.0211

EEGGAN-AE-SepH 0.9913 29.7378 0.0445 0.3002 ± 0.0272 0.0297 0.1217 0.1606 0.7730 ± 0.0705

Lose

EEGGAN 0.5236 28.6510 0.0256 0.1351 ± 0.0217 0.0058 0.1724 0.0445 0.1197 ± 0.0245

EEGGAN + Gauss filt. 0.3668 19.2364 0.0251 0.1324 ± 0.0256 0.0021 0.1007 0.0503 0.1288 ± 0.0424

EEGGAN-AE 0.5810 25.1147 0.0300 0.1737 ± 0.0202 0.0091 0.0951 0.0732 0.2015 ± 0.0077

EEGGAN-AE + Gauss filt. 0.4804 12.2286 0.0252 0.1429 ± 0.0167 0.0060 0.0464 0.0563 0.2270 ± 0.0178

EEGGAN-SepH 0.1892 17.5455 0.0103 0.0642 ± 0.0094 0.0015 0.0896 0.0211 0.1077 ± 0.0307

EEGGAN-AE-SepH 1.0730 28.4765 0.0542 0.3117 ± 0.0184 0.0272 0.0874 0.2053 0.8001 ± 0.0445

FD is computed on xDAWN, Inception-v3, REVE and EEGNet features; MMD on xDAWN, CLIP, REVE and EEGNet features.

Train vs Test reports the reference discrepancy between the two real-data splits. Bold values indicate the lowest score for each

metric, separately within each class and within the Train-based and Test-based comparisons. EEGGAN : original output head;

EEGGAN-SepH : proposed SepH module; EEGGAN-AE : autoencoder-based variant; + Gauss filt.: addition of gaussian filtering.

EEGNet-based scores are mean ± std over 3 random seeds; other scores refer to a single run.

Table 2: FD and MMD scores on BCIAUT-P300 Dataset for Target and Non-Target classes.
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(a) Non-target (class 0) (b) Target (class 1)

Fig. 7: FD and MMD as a function of gaussian noise on BCIAUT-P300 Dataset. Gaussian
noise with standard deviation increasing from 0 to 1 in steps of 0.1 is added to the z-scored real trials of
the BCIAUT-P300 training set, and FD and MMD are computed between the clean and the noisy sets
for the non-target (a) and target (b) classes. Each panel refers to a different feature extractor: xDAWN,
REVE, EEGNet and FID / CMMD. FD is shown on the left axis (red) and MMD on the right axis (blue,
labelled CMMD in the panels). A reliable metric is expected to increase monotonically with the noise
level.

FD ↓ MMD ↓

Class Comparison xDAWN Inception REVE EEGNet xDAWN CLIP REVE EEGNet

Reference

Non-Target Train vs Test 0.7854 0.9719 0.0094 0.0118 ± 0.0003 0.0043 0.0008 0.0008 0.0123 ± 0.0012

Target Train vs Test 0.8821 0.9564 0.0103 0.0156 ± 0.0006 0.0116 0.0010 0.0012 0.0360 ± 0.0037

Train-based comparisons

Non-Target

EEGGAN 6.9431 1.4609 0.0165 0.0714 ± 0.0104 0.0161 0.0024 0.0104 0.1189 ± 0.0854

EEGGAN + Gauss filt. 4.8433 2.5945 0.0158 0.0734 ± 0.0020 0.0145 0.0082 0.0057 0.1538 ± 0.0068

EEGGAN-SepH 3.9937 1.2364 0.0140 0.0489 ± 0.0013 0.0209 0.0011 0.0036 0.0500 ± 0.0041

Target

EEGGAN 6.3979 1.2365 0.0167 0.0611 ± 0.0134 0.0179 0.0021 0.0095 0.1285 ± 0.1061

EEGGAN + Gauss filt. 4.1861 2.5190 0.0159 0.0594 ± 0.0012 0.0141 0.0069 0.0048 0.1385 ± 0.0043

EEGGAN-SepH 3.5209 1.0875 0.0144 0.0411 ± 0.0015 0.0190 0.0004 0.0030 0.0404 ± 0.0060

Test-based comparisons

Non-Target

EEGGAN 7.4946 1.6156 0.0170 0.0682 ± 0.0078 0.0170 0.0039 0.0114 0.0854 ± 0.0663

EEGGAN + Gauss filt. 5.6545 3.3780 0.0165 0.0826 ± 0.0020 0.0174 0.0120 0.0068 0.2223 ± 0.0045

EEGGAN-SepH 4.3598 1.4075 0.0144 0.0504 ± 0.0019 0.0170 0.0018 0.0033 0.0460 ± 0.0080

Target

EEGGAN 7.0443 1.3941 0.0171 0.0619 ± 0.0106 0.0271 0.0030 0.0104 0.1101 ± 0.0821

EEGGAN + Gauss filt. 5.1045 3.3341 0.0169 0.0756 ± 0.0009 0.0243 0.0104 0.0072 0.2505 ± 0.0110

EEGGAN-SepH 3.9391 1.3189 0.0147 0.0461 ± 0.0013 0.0287 0.0012 0.0041 0.0625 ± 0.0046

FD is computed on xDAWN, Inception-v3, REVE and EEGNet features; MMD on xDAWN, CLIP, REVE and EEGNet features.

Train vs Test reports the reference discrepancy between the two real-data splits. Bold values indicate the lowest score for each
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metric, separately within each class and within the Train-based and Test-based comparisons. EEGGAN : original output head;

EEGGAN-SepH : proposed SepH module; + Gauss filt.: addition of gaussian filtering. EEGNet-based scores are mean ± std over

3 random seeds; other scores refer to a single run.

Table 3: Cross-session classification with pretraining on different configurations for BCIAUT-P300
Dataset.

Balanced accuracy [%] ↑ AUC [%] ↑

Pre-training strategy 25 / 175 50 / 350 100 / 700 200 / 1400 25 / 175 50 / 350 100 / 700 200 / 1400

From scratch 62.58 ± 0.36 67.46 ± 0.42 71.19 ± 0.48 74.07 ± 0.16 67.38 ± 0.49 73.46 ± 0.44 77.98 ± 0.44 81.22 ± 0.18

EEGGAN 64.75 ± 0.48 67.07 ± 0.49 69.57 ± 0.30 71.71 ± 0.30 70.12 ± 0.56 72.94 ± 0.59 75.99 ± 0.37 78.43 ± 0.34

EEGGAN-SepH 68.66 ± 0.20 70.14 ± 0.22 71.71 ± 0.04 73.20 ± 0.05 75.07 ± 0.28 76.71 ± 0.30 78.62 ± 0.11 80.20 ± 0.16

Real EEG 71.37 ± 0.28 72.49 ± 0.09 73.84 ± 0.14 75.19 ± 0.11 78.41 ± 0.07 79.62 ± 0.11 81.10 ± 0.19 82.68 ± 0.12

For each session, EEGNet is pre-trained on a pool that excludes the calibration session and then fine-tuned on an increasing

amount of real calibration data. Column headers report the number of calibration targets / non-targets, obtained by scaling the

full session (200 targets / 1400 non-targets) by a factor of 0.125, 0.25, 0.5 and 1.0, so that the target-to-non-target ratio is

preserved. Performance is evaluated on held-out data from the same session. From scratch: no pre-training; EEGGAN :

pre-training on data generated with the original output head; EEGGAN-SepH : pre-training on data generated with the proposed

SepH module; Real EEG: pre-training on real data only, acting as the upper bound. All values are percentages, reported as the

mean over 3 random seeds ± standard deviation, each seed being averaged over 15 subjects × 7 sessions. Bold values indicate the

best score for each column.

5 Ablation Study687

We conducted an ablation study on Dataset 1688

(Table 4) to assess how the individual components689

of the SepH module affect performance, modifying690

one component at a time.691

To evaluate the contribution of Group Normal-692

ization, we replaced it with Batch Normalization.693

This change consistently worsens all metrics for694

both classes, with MMD EEGNet increasing from695

0.0666 to 1.6301 for Win against Test, indicating696

that Group Normalization is essential for fidelity.697

To evaluate the role of the learnable temporal698

smoothing filter, we removed it from the mod-699

ule. This worsens the xDAWN and EEGNet-based700

metrics for both classes (e.g., FD EEGNet from701

0.0569 to 0.1564 for Win against Test), confirm-702

ing that the filter improves fidelity in EEG-specific703

feature spaces. In contrast, removing it improves704

the metrics based on models pretrained on natu-705

ral images (FD Inception: from 18.8917 to 9.7178706

and from 17.5455 to 11.8547; CMMD: from 0.0923707

to 0.0378 and from 0.0896 to 0.0380, for Win and708

Lose against Test), as well as MMD REVE.709

We conducted an ablation study on Dataset 2710

(Table 5) to assess the contribution of the point-711

wise convolution within the separable block. The712

results are remarkably balanced: the two con-713

figurations split the wins on FD xDAWN, FD714

Inception, and FD EEGNet, and the differences on715

the latter (e.g., 0.0504 vs. 0.0478 for Non-Target716
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against Test) are comparable to the seed-to-seed717

standard deviation. Nevertheless, a slight class-718

dependent trend emerges: for the Target class,719

which contains the P300 response, EEGGAN-720

SepH obtains the lower score in five of the eight721

metrics with respect to both Train and Test,722

whereas for the Non-Target class the same holds723

for EEGGAN-SepH-CW.724

Overall, the ablation study shows that replac-725

ing the batch normalization used in EEGNet726

with group normalization improves fidelity727

across all metrics, including those computed728

on generic feature extractors (Inception-v3,729

CLIP). The learnable filter, instead, improves730

most EEG-specific metrics but slightly wors-731

ens those based on generic feature extractors,732

revealing a discrepancy between EEG-specific733

and generic feature spaces that does not emerge734

for group normalization. Cross-electrode mix-735

ing yields fidelity comparable to a channel-wise736

convolution, indicating that the benefit of737

SepH does not stem primarily from inter-738

electrode exchange, although it may help739

model the spatial structure of the P300.740

741

Table 4: Ablation of the SepH components on RL Dataset.

FD ↓ MMD ↓

Class Model xDAWN Inception REVE EEGNet xDAWN CLIP REVE EEGNet

Train-based comparisons

Win

EEGGAN-SepH 0.2290 27.2424 0.0152 0.0773 ± 0.0114 0.0010 0.0978 0.0232 0.0589 ± 0.0221

EEGGAN-SepH w/o Group Norm 1.3385 44.0625 0.0187 0.2872 ± 0.0659 0.0080 0.1224 0.0300 1.6389 ± 0.5184

EEGGAN-SepH w/o Learnable Filter 0.7840 16.5436 0.0136 0.1610 ± 0.0150 0.0019 0.0367 0.0137 0.1785 ± 0.0449

EEGGAN + Learnable Filter 0.6578 20.0568 0.0267 0.1833 ± 0.0254 0.0032 0.0629 0.0216 0.1102 ± 0.0111

Lose

EEGGAN-SepH 0.2150 26.6978 0.0134 0.0787 ± 0.0132 0.0008 0.1004 0.0201 0.0870 ± 0.0298

EEGGAN-SepH w/o Group Norm 1.3858 40.5554 0.0179 0.2891 ± 0.0631 0.0051 0.1202 0.0287 1.6150 ± 0.4988

EEGGAN-SepH w/o Learnable Filter 0.7796 16.2859 0.0143 0.1554 ± 0.0176 0.0017 0.0340 0.0168 0.2031 ± 0.0521

EEGGAN + Learnable Filter 0.6577 20.1953 0.0285 0.1829 ± 0.0232 0.0092 0.0713 0.0421 0.1736 ± 0.0131

Test-based comparisons

Win

EEGGAN-SepH 0.1677 18.8917 0.0102 0.0569 ± 0.0084 0.0018 0.0923 0.0207 0.0666 ± 0.0211

EEGGAN-SepH w/o Group Norm 1.4088 35.9226 0.0158 0.2883 ± 0.0702 0.0073 0.1202 0.0304 1.6301 ± 0.5209

EEGGAN-SepH w/o Learnable Filter 0.8154 9.7178 0.0111 0.1564 ± 0.0210 0.0027 0.0378 0.0169 0.1943 ± 0.0533

EEGGAN + Learnable Filter 0.6090 14.3928 0.0231 0.1666 ± 0.0244 0.0044 0.0665 0.0217 0.1237 ± 0.0124

Lose

EEGGAN-SepH 0.1892 17.5455 0.0103 0.0642 ± 0.0094 0.0015 0.0896 0.0211 0.1077 ± 0.0307

EEGGAN-SepH w/o Group Norm 1.3542 35.0543 0.0165 0.2753 ± 0.0615 0.0055 0.1211 0.0340 1.4838 ± 0.4618

EEGGAN-SepH w/o Learnable Filter 0.8369 11.8547 0.0119 0.1613 ± 0.0210 0.0029 0.0380 0.0207 0.2354 ± 0.0550

EEGGAN + Learnable Filter 0.6317 16.7243 0.0253 0.1750 ± 0.0241 0.0111 0.0775 0.0403 0.1887 ± 0.0142

EEGGAN-SepH w/o Group Norm uses Batch Normalization instead of Group Normalization; EEGGAN-SepH w/o Learnable

Filter removes the learnable temporal smoothing filter; EEGGAN + Learnable Filter adds the learnable filter alone to the
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original EEGGAN output head. Everything else is unchanged. FD is computed on xDAWN, Inception-v3, REVE and EEGNet

features; MMD on xDAWN, CLIP, REVE and EEGNet features. Bold values indicate the lowest score for each metric, separately

within each class and within the Train-based and Test-based comparisons. EEGNet-based scores are mean ± std over 3 random

seeds of the feature extractor; other scores refer to a single run.

Table 5: Ablation of the cross-electrode mixing on BCIAUT-P300 Dataset.

FD ↓ MMD ↓

Class Comparison xDAWN Inception REVE EEGNet xDAWN CLIP REVE EEGNet

Train-based comparisons

Non-Target
EEGGAN-SepH 3.9937 1.2364 0.0140 0.0489 ± 0.0013 0.0209 0.0011 0.0036 0.0500 ± 0.0041

EEGGAN-SepH-CW 3.8492 1.2772 0.0137 0.0471 ± 0.0004 0.0303 0.0011 0.0033 0.0343 ± 0.0051

Target
EEGGAN-SepH 3.5209 1.0875 0.0144 0.0411 ± 0.0015 0.0190 0.0004 0.0030 0.0404 ± 0.0060

EEGGAN-SepH-CW 3.5961 1.1532 0.0143 0.0422 ± 0.0016 0.0305 0.0007 0.0027 0.0314 ± 0.0047

Test-based comparisons

Non-Target
EEGGAN-SepH 4.3598 1.4075 0.0144 0.0504 ± 0.0019 0.0170 0.0018 0.0033 0.0460 ± 0.0080

EEGGAN-SepH-CW 4.1364 1.3563 0.0141 0.0478 ± 0.0008 0.0249 0.0018 0.0038 0.0331 ± 0.0090

Target
EEGGAN-SepH 3.9391 1.3189 0.0147 0.0461 ± 0.0013 0.0287 0.0012 0.0041 0.0625 ± 0.0046

EEGGAN-SepH-CW 4.2042 1.2475 0.0148 0.0468 ± 0.0010 0.0409 0.0015 0.0041 0.0458 ± 0.0023

EEGGAN-SepH-CW replaces the pointwise (1 × 1) convolution of EEGGAN-SepH with a channel-wise one (groups = C): each

output electrode is then a weighted sum of its own D intermediate maps, with no interaction between electrodes at this stage (16

instead of 128 parameters). Everything else is unchanged. FD is computed on xDAWN, Inception-v3, REVE and EEGNet

features; MMD on xDAWN, CLIP, REVE and EEGNet features. Bold values indicate the lowest score for each metric, separately

within each class and within the Train-based and Test-based comparisons. EEGNet-based scores are mean ± std over 3 random

seeds of the feature extractor; other scores refer to a single run.

6 Discussion742

6.1 Advantages of the Proposed743

Work744

The limited availability of annotated EEG data745

underlines the practical relevance of this work.746

The results indicate that the signals generated747

by EEGGAN-SepH match real recordings more748

than the EEGGAN, supporting the use of the pro-749

posed model as a tool to overcome data-privacy750

constraints, to support the training of founda-751

tion models, to mitigate inter-subject, inter-class,752

and inter-task variability, and to provide extended753

datasets for the analyses of clinicians, engineers,754

and AI practitioners.755

The proposed architecture overcomes the limi-756

tations of the original EEGGAN through the SepH757

module, representing more than just a gaussian758

filter post generation. This design preserves EEG759

features, yielding synthetic EEG that is plausi-760

ble both in terms of feature distributions and761

20



of individual characteristics, as reflected by the762

FD and MMD scores obtained on two distinct763

datasets. The ablation study further highlights764

the contribution of two additional components765

of the module: Group Normalization, which sta-766

bilizes training compared to Batch Normaliza-767

tion, and the learnable temporal smoothing filter,768

which suppresses the high-frequency noise intro-769

duced during generation. Conversely, the auxiliary770

autoencoder degraded performance on Dataset 1,771

particularly in terms of quantitative metrics and772

most notably for EEGGAN-SepH, whose output773

head is designed to output EEG signals directly,774

without any decompression stage. For this rea-775

son, the autoencoder was not employed in the776

Dataset 2 experiments.777

EEGGAN-SepH generates synthetic data that778

likely cover regions of the feature space not rep-779

resented in the limited fine-tuning data, thereby780

enriching the learned representation and bring-781

ing performance closer to that obtained by pre-782

training on real data, which mitigates the problem783

of limited data.784

With regard to evaluation, the gaussian noise785

injection test revealed a relevant limitation of FID786

on time-frequency images, which fails to detect787

mild noise added to EEG signals. Since state-788

of-the-art works commonly compare generative789

models on the basis of this metric, their conclu-790

sions may overlook differences in noise content791

that are critical in the EEG domain. The proposed792

evaluation pipeline addresses this issue: FD and793

MMD computed on features from EEG-specific794

extractors proved more sensitive and informative,795

and should therefore be regarded as the pri-796

mary fidelity metrics for synthetic EEG, with FID797

adopted only as a complementary measure.798

6.2 Limitations799

Although EEGGAN-SepH proves highly reliable800

in qualitative terms, the results reveal that notice-801

able differences from real data persist in terms802

of fidelity and downstream classification perfor-803

mance. This gap could potentially be narrowed by804

adopting alternative architectures reviewed in the805

state of the art, such as diffusion models; however,806

their sensitivity to small and imbalanced training807

sets, together with the iterative denoising pro-808

cess that makes them unsuitable for real-time BCI809

applications, discourages their use in this context.810

Generators are trained on the calibration data811

of all subjects and sessions, including the session812

used for fine-tuning; only synthetic samples con-813

ditioned on that session are excluded from the814

pre-training pool. The generator may thus encode815

information from calibration trials beyond the816

fine-tuning budget, which could favour synthetic817

pre-training in the low-data regimes.818

A further limitation concerns the pointwise819

convolution, which does not bring a measurable820
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improvement in the spatial representation. Over-821

all, the SepH module adds value on the tem-822

poral and frequency content of the generated823

signals through the separable convolution and the824

smoothing filter, whereas the spatial information825

appears to be already well captured by EEGGAN826

itself: the spatial projection and the pointwise827

convolution redistribute the work of the whole828

architecture across electrodes, but do not yield829

more faithful spatial features.830

7 Conclusion831

This work addresses two gaps in synthetic EEG832

generation: generative networks lack an EEG-833

oriented module, and fidelity metrics that over-834

look the physiological nature of the signal. We835

proposed a GAN-based generative model that syn-836

thesizes large amounts of EEG data from noise,837

more closely approximating the statistical distri-838

bution of the signal features and its physiological839

morphology. This is achieved through the SepH,840

applied as the final stage of the generator to map841

the transformer output into a synthetic EEG sig-842

nal. Furthermore, we evaluated the synthetic data843

with metrics that assess the fidelity of the phys-844

iological features of the EEG signal, mitigating845

the domain shift introduced by feature extractors846

pretrained on other domains.847

The evaluation was carried out on two848

datasets. On the Reinforcement Learning dataset,849

the FD computed on EEGNet features between850

the test set and the data generated by the pro-851

posed model is 0.0569 and 0.0642 for the Win and852

Lose classes, respectively, compared to 0.1297 and853

0.1351 for EEGGAN; the corresponding MMD854

values are 0.0666 and 0.1077, compared to 0.0992855

and 0.1197. On BCIAUT-P300, the FD on EEG-856

Net features is 0.0504 and 0.0461 for the Non-857

Target and Target classes, compared to 0.0682858

and 0.0619 for EEGGAN, while the MMD on the859

same features is 0.0460 and 0.0625, compared to860

0.0854 and 0.1101. EEGGAN-SepH also proved861

effective in terms of utility metrics: with a limited862

calibration set of 25 targets and 175 non-targets,863

pre-training on its generated data increased the864

balanced accuracy from 62.58% to 68.66%.865

Removing the auxiliary autoencoder proved866

beneficial in terms of both qualitative and fidelity867

metrics, particularly for EEGGAN-SepH, whose868

output head is designed to return uncompressed869

EEG signals. The evaluation pipeline was vali-870

dated by injecting gaussian noise into real data871

from Dataset 2, and the metrics responded con-872

sistently to increasing noise levels. FD and MMD873

computed on EEGNet and REVE features proved874

to be the most effective in this domain, outper-875

forming the standard FID. Finally, the ablation876

study confirmed the benefit of the two modifi-877

cations introduced with respect to the original878

EEGNet block: the learnable temporal smooth-879

ing filter at the end of the output head and880
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the use of group normalization instead of batch881

normalization.882

In future work, we aim to develop a diffusion883

model that combines fast generation with suit-884

ability for limited datasets, and to compare its885

performance with that of the proposed framework.886

To assess the spatial capability of EEGGAN-887

SepH, we aim to train it on a dataset with 32 or888

64 channels.889
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