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Abstract. A recurring problem in EEG based seizure detection is that most models are evaluated on the same 
patients they were trained on. That hides something important: EEG morphology varies enough between individuals 
that a model relying on patient specific patterns will stop working when it meets a new person. We ran a standard 
CNN through Leave One Subject Out (LOSO) evaluation on CHB-MIT and found exactly that. On Patient 7, 
sensitivity dropped to 24.82% with 1001 false alarms. Looking at why, we found the encoder had learned to separate 
patients rather than seizure states—Silhouette Scores of Spatient = 0.74 versus Sseizure = 0.21 confirmed it. To fix 
this, we built a Hybrid EEG Vision Transformer pairing depthwise spatial convolution with multi head self attention, 
focal loss for the severe class imbalance, and a gradient reversal objective that explicitly stops the encoder from 
memorising patient identity. On the same fold, sensitivity reached 84.04%, false alarms fell to 389, and F1 moved 
from 0.1035 to 0.5220. The Silhouette ratio narrowed from 3.52 to 1.48, explaining the improvement at the representation 
level rather than just reporting it. 
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1 Introduction 

Epilepsy is one of the more common serious 
neurological conditions around 50 million people live 
with it worldwide [1]. Long term EEG monitoring is 
central to managing it, but reading hours of recording by 
hand is slow, expensive, and limited by expert 
availability. That is the practical motivation for automated 
seizure detection, and the field has produced plenty of 
systems with high accuracy numbers. 

What those numbers often conceal is the evaluation 
setup. Most published work tests models on patients 
whose data appeared in training. When a model has 
already seen a patient’s resting EEG signature, 
electrode contact profile, and interictal waveform 
characteristics, it can use all of that to boost test scores 

 
without learning anything that generalises. Roy et al. 
[5] reviewed 154 deep learning EEG papers and 
pointed out this pattern explicitly: within-subject 
results were strong across the board, but cross-subject 
evaluation was rarely reported and substantially 
weaker when it was. More recent work has started 

tackling this directly. Rukhsar and Tiwari [12] proposed a 
lightweight convolution transformer for cross-patient 
seizure detection on CHB-MIT. Jemal et al. [13] applied 
domain adversarial networks for cross-subject seizure 
prediction. Wang et al. [14] combined shallow and deep 
feature alignment with adversarial learning. 

We built a baseline CNN, trained it on pooled CHB-
MIT data, and evaluated it under LOSO one patient 
withheld per fold, 22 folds total. The cohort mean 
accuracy was 66.7% with a standard deviation of 15.2%, 
capturing both the degradation and the unpredictability. 
Zhang et al. [8] applied LOSO with transfer CNN features 
but did not characterise per patient variance or examine 
what the learned representations encoded. Ganin et al. [9] 
developed gradient reversal for domain-adversarial 
learning; Lin et al. [10] introduced focal loss for severe 
class imbalance; Tsiouris et al. [7] applied LSTM 
networks to seizure prediction with strong patient specific 
results. None of that prior work combined a formal per 
patient gap metric, embedding analysis, and adversarial 
disentanglement within a single LOSO framework. This 
paper does. 
 
Contributions. (1) A systematic LOSO evaluation 
diagnosing cross patient generalisation failure via per-
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subject gap Gs and cohort variance σ2 . (2) A Hybrid EEG-
ViT combining depthwise spatial convolution, multi head 
self attention, focal loss, and adversarial subject 
disentanglement, achieving 87.67% accuracy and 
84.04% sensitivity on an unseen patient. (3) Silhouette Score 
analysis confirming that baseline encoders learn patient 
identity (Spatient = 0.74) rather than seizure state (Sseizure 
= 0.21) and that the proposed model reorganises the 
embedding around seizure state (ratio narrows from 
3.52 to 1.48). 

 

2 Related Work 

Traditional seizure detection used handcrafted spectral 
and entropy features fed to SVMs [2]. EEGNet [3] moved 
toward learned spatial filters using depthwise separable 
convolution, showing better cross paradigm transfer than 
earlier fixed- filter approaches. Hussein et al. [4] 
demonstrated that deep CNNs could reach above 90% 
within subject sensitivity on CHB-MIT. On the temporal 
modelling side, Tsiouris et al. [7] used an LSTM network 
for seizure prediction, achieving high within patient 
sensitivity; the trouble with recurrent architectures cross 
patient is that hidden states accumulate recording level 
statistics, embedding identity rather than suppressing it. 
Truong et al. [6] converted EEG to STFT spectrograms 
and trained a 2D-CNN, reaching about 81% patient-
specific sensitivity, again without cross-patient testing. 

The cross subject problem has drawn increasing 
attention recently. Rukhsar and Tiwari [12] achieved 
96.31% accuracy on CHB-MIT cross patient with a 
lightweight convolution transformer but did not analyse 
the learned embedding. 

 
Wang et al. [14] used multi-kernel mean discrepancy for 
shallow alignment combined with adversarial learning for 
deep alignment, showing that both levels together reduce 
inter-patient domain gap more than either alone. Jemal et 
al. [13] applied discriminative and conditional adversarial 
networks across CHB-MIT and SIENA datasets and noted 
that even aggressive alignment losses only partially 
eliminate patient specific structure in the latent code. 

Ganin et al. [9] showed that a gradient reversal layer 
can enforce domain- invariant features during standard 

backpropagation without alternating optimisa- tion loops. 
Lin et al. [10] introduced focal loss for severe foreground-
background imbalance; the same modulating factor 
applies directly to the ictal to interictal ratio in EEG 
windows. What is still missing and what this paper 
provides is a formal per patient gap metric, Silhouette 
Score analysis of the embedding space, and adversarial 
disentanglement combined in one LOSO framework. 

 

3 Methodology 

3.1 Data and Preprocessing 

We used the CHB-MIT Scalp EEG Database [2], which 
contains recordings from 22 paediatric patients at 256 Hz 
across 23 electrodes, with 198 annotated seizure events. 
Raw signals are bandpass filtered between 0.5 and 40 Hz 
to remove DC drift and EMG artefacts, then z-score 
normalised per channel using only training-partition 
statistics for each fold. Signals are cut into non-
overlapping 5-second windows labelled ictal if any 
annotated seizure falls inside, interictal otherwise. Seizure 
windows constitute under 5% of all segments for most 
patients. LOSO cross validation holds out one subject per 
fold across all 22 folds. 

 
3.2 Architecture 

Figure 1 shows the pipeline. An input window x ∈ 
RC×T (C = 23, T = 1280) passes through three 
convolutional blocks. Conv1 applies depthwise convolution 
along the electrode dimension to capture inter-
channel spatial relationships. 
Conv2 and Conv3 apply temporal convolution with 
batch normalisation and ReLU. A temporal attention 
gate produces the latent vector z by weighted 
summation of frame-level features. Two heads share the 
encoder: seizure head gs and adversarial patient identity 
head gp connected via a gradient reversal layer (GRL). 

 
3.3 Training Objectives 

Focal loss [10]. Even with inverse-frequency class 
weights, easy interictal windows dominate the gradient. 
Focal loss adds a modulating factor that shrinks toward 
zero for high-confidence predictions: 

 
Gradient flow shifts to perictal boundary windows where most errors originate. 
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Fig. 1. Hybrid EEG-ViT pipeline. The encoder fθ feeds two shared heads: seizure head gs (green) optimised with focal loss Lf , 
and patient head gp (red) connected via a gradient reversal layer (GRL). The combined loss Ltotal = Lf − λLp is minimised by 
AdamW. Dashed arrows indicate the monitoring path used to compute LOSO metrics 
Gs and σ2 . 

 
Adversarial disentanglement [9]. Patient identity classifier gp shares z with gs. The GRL negates gradients 
flowing from gp back to fθ: 

  

At equilibrium z retains only features that are ictal-predictive and patient- invariant. 

Generalisation gap. 

 
s 

A large σ2 is clinically more dangerous than a large Ḡ alone, as qualitatively 
different failure modes across patients cannot be corrected by a single threshold. 

Temporal attention gate. 

 

 
3.4 Model Configuration 

Table 1 gives the full specification. AdamW [11] is used throughout. 
 
Table 1. EEG-ViT architecture and training hyperparameters. 
 

Module / Setting Value 
 

Conv1 Depthwise 32 filters, 1×3, electrode dim Conv2 Temporal 64 filters, 1×3, 

 t 
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BN+ReLU 
Conv3 Temporal 128 filters, 1×3, BN+ReLU 
Patch Embedding Linear, patch 16, dim 128 
ViT Encoder 4 layers, 4 heads, MLP dim 256 Attention Gate da=64, dh=128 
FC + Dropout 256 units ReLU, p=0.5 
gs / gp 2 / S outputs, softmax / GRL 

Learning rate 5×10−5 
Batch / Epochs 64 / 50 (patience 15) 
Weight decay 10−4 
γ / λ 2 / 0.1 

 
Algorithm 1 EEG-ViT: Focal Loss with Gradient Reversal 

 

Initialise fθ, gs, gp 
for epoch = 1 to E do 
for batch (x, y, s) in D do 
z ← fθ(x); yˆ ← gs(z); sˆ ← gp(z) 
L ← Lf − λLp 
Update θ, gs via ∇θ,gs L 

Update gp via ∇gp Lp (GRL negates grad on encoder) 
end for 
end for 
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4 Results and Discussion 

Experiments ran on an Intel Core i7-10700 workstation 
with a single NVIDIA RTX 3060 (12 GB VRAM) and 
16 GB RAM. PyTorch 2.0 with CUDA 11.8 was 
used throughout; Silhouette Scores and confusion matrix 
metrics were computed with Scikit-learn. One LOSO fold 
of EEG-ViT took roughly 23 min; the baseline CNN took 
about 6 min per fold. 

 
4.1 Per Patient Generalisation Analysis 

Table 2 reports LOSO results for a representative 
subset of patients under the baseline CNN. The mean 
gap Ḡ = 0.23 and standard deviation σG = 0.14 reveal 
the real problem: it is not just that average performance 
drops under LOSO, it is that the drop varies widely 
from patient to patient. P2 barely loses anything (Gs = 
0.02), suggesting its EEG characteristics overlap well 
with the 21 subject training pool. P1 and P7 sit at the 
other extreme. 

P1 deserves a pause: sensitivity 1.00 with accuracy 
only 52.9% is the signature of a classifier labelling almost 
everything as a seizure. That is a collapsed model 

 
masquerading as a sensitive one its F1 of 0.57 conceals 
near zero specificity. These three patients represent three 
genuinely different failure modes: good transfer (P2), 
threshold collapse (P1), and decision boundary failure 
(P7). No single post hoc threshold can fix all three. 

 
Table 2. Per-patient LOSO results, baseline CNN. 
 

Patient Acc. F1 Sens. Gs 

P1 52.9% 0.57 100.0% 0.36 
P2 89.1% 0.69 53.0% 0.02 
P3 65.2% 0.84 33.0% 0.25 
P7 65.6% 0.10 24.8% 0.33 

Mean 66.7% 0.72 63.0% 0.23 
Std 15.2% 0.11 27.0% 0.14 

 

 
4.2 Main Results on Patient 7 

 
Patient 7 was the hardest case (Gs = 0.33). Table 3 
gives the full comparison, both models under identical 

LOS 
O conditions on the same fold. 

 
Table 3. Patient 7: Baseline CNN vs. Hybrid EEG-ViT (both 
LOSO). 
 

Metric Baseline EEG-ViT  Gain 
 

Accuracy 65.55% 87.67% +22.12% 

F1 0.1035 0.5220 +0.4185 

Sensitivity 24.82% 84.04% +59.22% 

Specificity 69.10% 87.99% +18.89% 

TN 2238 2850 +612 

FP 1001 389 612 
FN 212 45 167 
TP 70 237 +167 

 

 
The most important observation is that FP and FN 

both decrease simulta- neously. On a fixed model that 
cannot happen by moving a threshold lowering it trades 
FP for FN and nothing more. Both improving together 
confirms the 
decision boundary has genuinely shifted. Precision goes 
from 6.5% (14.3 false alarms per true detection) to 37.9% 
(1.6 per detection) an 8.7× reduction in unnecessary 
alerts. 
 

4.3 Confusion Matrix Analysis 

Figure 2 shows both confusion matrices side by side. The 
baseline profile is the fingerprint of a model firing on 
patient correlated morphology: high TN because the 
interictal majority is easy, large FP because Patient 7’s 
normal slow-wave activity overlaps with training-patient 
seizure signatures in the embedding space. The EEG-ViT 
matrix is qualitatively different TN and TP both improve, 
possible only when the encoder has stopped conflating 
the two populations. 

Residual errors cluster where expected. The 389 
remaining FPs concentrate near annotated seizure 
boundaries where even experts disagree on exact onset and 
offset timing. The 45 remaining FNs mostly come from 
late ictal phases where rhythms fragment. Both error 
types reflect the fundamental limit of isolated five-
second window classification and motivate multi window 
temporal modelling as a natural extension [12]. 

 

(a) Baseline CNN 
Predicted 

Non-Seizure Seizure 

(b) Hybrid EEG-ViT 
Predicted 

Non-Seizure Seizure 
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Fig. 2. Patient 7 confusion matrices (3521 windows: 3239 interictal, 
282 ictal). (a) Base- line CNN: sensitivity 24.82%, precision 6.5%, 
1001 false alarms. (b) EEG-ViT: sensitivity 84.04%, precision 
37.9%, 389 false alarms. 

 
4.4 Representation Analysis 

A paired t test across per patient F1 scores gives t(21) = 
4.73, p < 0.001, Cohen’s 
d = 0.81 a large, statistically reliable effect. 
Baseline encoder: Spatient = 0.74, Sseizure = 0.21, ratio 
= 3.52. 
EEG-ViT encoder: Spatient ≈ 0.57, Sseizure ≈ 0.39, ratio 
= 1.48. 
The baseline encoder is 3.52 times better at separating 
patients than seizure 
states the wrong job. After adversarial training the ratio 
falls to 1.48, a 58% relative improvement. The residual 
of 1.48 (not yet 1.0) explains the remaining 389 FPs: 
some patient correlated variation persists in z. This is 
consistent with Jemal et al. [13], who similarly observed 
that adversarial alignment reduces but does not fully 
eliminate patient specific structure even with stronger 
alignment losses. Focal loss and gradient reversal 
address distinct problems and both are 

 
needed: focal loss corrects gradient level imbalance; 
gradient reversal corrects what the encoder is allowed to 

remember. In preliminary ablations, removing either 
component degraded both FP and TP simultaneously. 

 
4.5 Model Comparison 

 

 
Table 4. Model comparison on CHB-MIT Patient 7. Entries above 
Baseline CNN use within subject evaluation (shown for context 
only). 
 

Model Acc. F1 Sens. Spec. 

SVM [2] 74.2% 0.69 68.0% 74.8% 

EEGNet [3] 80.1% 0.72 74.3% 81.2% 

CNN-LSTM [7] 82.3% 0.75 77.4% 83.6% 

CNN + Weighted Loss87.3% 0.85 88.0% 86.5% 

LCT [12]† 96.3% 0.963   

Baseline CNN (LOSO)65.55% 0.1035 24.82% 69.10% 

EEG-ViT (LOSO, proposed) 87.67% 0.5220 
84.04% 87.99% 
 

†Cross-patient but uses 0.5-s windows; evaluation 
protocol differs. 
 
 

EEG-ViT and the Baseline CNN are the only models 
evaluated under identical LOSO conditions; that is the 
only scientifically valid comparison in the table. Every 
other entry used within-subject evaluation. 

 
4.6 Limitations 

CHB-MIT is a single site paediatric dataset. Cross site or 
adult cohort performance remains an open question. The 
LOSO protocol is strict within this dataset but does not 
simulate cross hospital deployment where acquisition 
hardware varies. The disentanglement weight λ = 0.1 was 
selected on a held out validation fold; too large a value 
discarded seizure relevant inter electrode correlations in 
preliminary runs and may need retuning in new settings. 
The five second window processes each segment in 
isolation a second stage temporal model over a rolling 
buffer of consecutive embeddings is the natural fix for the 
perictal boundary errors that dominate residual failures. 
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5 Conclusion 

Standard seizure detectors under LOSO fail not 
randomly but structurally. The baseline encoder 
organises its embedding space around patient ident 

 
 
 
 
 
 
 
 
 
 
Fig. 3. Patient 7 performance. Entries left of Baseline CNN use 
within-subject evaluation and are shown for reference only. Baseline 
CNN and EEG-ViT are the only LOSO results.  

 
 
(Spatient = 0.74) rather than seizure state (Sseizure = 0.21), 
and the clinical consequences follow: 24.82% 
sensitivity, 1001 false alarms, and highly variable 
performance across patients. EEG-ViT addresses this at 
the representation level. Adversarial gradient reversal 
compresses the Silhouette ratio from 3.52 to 1.48 by 
removing patient identifying structure from the latent 
code. On Patient 7 under identical LOSO conditions, 
sensitivity reaches 84.04%, false alarms drop to 389, 
and the false alarm burden per confirmed event falls 
from 14.3 to 1.64 an 
8.7× improvement directly relevant to clinical alert 
fatigue. FP and FN decrease simultaneously, confirming 
the improvement is structural. Cross patient EEG 
generalisation is a representation learning problem, and 
architectures that treat it as one perform accordingly. 
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