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Abstract. High-frequency oscillations (HFOs) in intracranial Electroen-
cephalography (IEEG) are critical biomarkers for localizing the epilepto-
genic zone in epilepsy treatment. However, traditional rule-based detec-
tors for HFOs suffer from unsatisfactory precision, producing false pos-
itives that require time-consuming manual review. Supervised machine
learning approaches have been used to classify the detection results, yet
they typically depend on labeled datasets, which are difficult to acquire
due to the need for specialized expertise. Moreover, accurate labeling of
HFOs is challenging due to low inter-rater reliability and inconsistent
annotation practices across institutions. The lack of a clear consensus on
what constitutes a pathological HFO further challenges supervised refine-
ment approaches. To address this, we leverage the insight that legacy de-
tectors reliably capture clinically relevant signals despite their relatively
high false positive rates. We thus propose the Self-Supervised to Label
Discovery (SS2LD) framework to refine the large set of candidate events
generated by legacy detectors into a precise set of pathological HFOs.
SS2LD employs a variational autoencoder (VAE) for morphological pre-
training to learn meaningful latent representation of the detected events.
These representations are clustered to derive weak supervision for patho-
logical events. A classifier then uses this supervision to refine detection
boundaries, trained on real and VAE-augmented data. Evaluated on large
multi-institutional interictal iIEEG datasets, SS2LD outperforms state-of-
the-art methods. SS2LD offers a scalable, label-efficient, and clinically ef-
fective strategy to identify pathological HFOs using legacy detectors. The
code is available at https://github.com /roychowdhuryresearch /SS2LDL.
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1 Introduction

Human-defined biomarkers encapsulate the expertise of medical professionals
and play a pivotal role in medical diagnosis. In EEG-based clinical practice,
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neurophysiological biomarkers such as spikes, spindles, and high-frequency oscil-
lations (HFOs) are commonly used. To detect these biomarkers computationally,
numerous statistical methods have been developed, including the IDE spike de-
tector [I5], the YASA spindle detector [16], and HFO detection such as STE [13]
or MNI [20]. However, these rule-based approaches often suffer from low pre-
cision, generating false positives [25]. Clinicians must manually review a large
volume of detections, which is both time-consuming and prone to human error.

Machine learning approaches, especially supervised methods, have been em-
ployed to refine detection results [48122] or to classify EEG segments produced
by threshold-based “pseudo-detectors” [I8]. While these methods can show good
performance on their defined test set, they are typically derived from relatively
small cohorts and heavily depend on accurately labeled training data, limiting
their scalability and generalizability. Annotating such events requires specialized
medical knowledge, and clinical studies have shown low inter-rater reliability for
these biomarkers [I0JI2/TT]; standardization of annotation practices across insti-
tutions is also lacking [5l7]. Weakly supervised methods [23/9] reduce annotation
demands, but require complex loss tuning, preventing clinical use.

Nonetheless, earlier studies have predominantly overlooked a critical insight:
rule-based biomarker detectors, developed over many years of clinical research,
have already been successfully deployed in clinical practice—even after manual
inspection and refinement. These detectors typically maintain a very high recall
rate [T9I7I]. In other words, although the detected events may include many
false positives, these legacy detectors reliably capture a large share of signals
of clinical interest. Furthermore, since the verification of these detected events
is often performed through visual inspection of EEG tracing, the definition of
clinically meaningful characterization is reflected in the EEG morphology. This
insight suggests that clinically relevant biomarkers can be distilled from the
output of the rule-based detectors in a self-supervised manner—particularly in
scenarios where expert annotations are limited in large datasets or the precise
definition of clinically meaningful events remains elusive.

Motivated by this insight, we leverage legacy detectors to identify clini-
cally meaningful events (pathological) without requiring human labeling. Specif-
ically, we focus on high-frequency oscillations (HFOs), a crucial intracranial
EEG (iEEG) biomarker used to localize the epileptogenic zone from interictal
(in-between seizures) recordings in epilepsy treatment [3]. Importantly, a clear
consensus on the definition of pathological HFO is not yet established [24].

To address this challenge, we propose a Self-Supervised to Label Discovery
(SS2LD) framework that automatically distills pathological HFOs from the large
volume of events detected by legacy HFO detectors. Specifically, we first perform
morphological pre-training using a variational autoencoder (VAE) to learn mor-
phological representations of detector-identified events. Leveraging the model’s
ability to encode distinct morphological features, we then use the VAE’s latent
representations to cluster these events, extracting weak supervision correspond-
ing to pathological events. Finally, we train a classifier on the pre-trained VAE
for both feature extraction and data augmentation. This classifier takes latent
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codes from the VAE encoder and is trained using both real and VAE-augmented
data derived from the discovered weak supervision, thus refining classification
boundaries. SS2LD distills the events generated by legacy detectors and improves
clinical decision-making. Our contributions are summarized as follows:

— We propose the SS2LD framework that uses VAE-based morphological pre-
training to automatically discover pathological HFO events without human
labels and exploits these discoveries as weak supervision for classification.

— We employ the VAE’s generative capability to augment training data, enhanc-
ing the classifier’s robustness in distilling pathological HFOs.

— SS2LD is evaluated on large multi-institutional iEEG datasets, demonstrating
superior clinical performance compared to existing state-of-the-art methods
and underscoring its potential on improving clinical decision-making.

2 Methods

2.1 High-Frequency Oscillations in Intracranial EEG Recordings

For each subject k in an iEEG cohort, the recording X* comprises multiple chan-
nels, indexed by c, selected clinically to target probable epileptogenic regions.
An HFO event h; in channel ¢ of X* is defined by its start time s; and end time
ei, such that h; = X¥[s; : e;]. These segments may reflect pathological (epilepto-
genic) or non-pathological (normal) activity. Since HFO durations e; — s; vary,
we construct a fixed-length window w; = x* [% —-L: S‘;—el + L}, centered at
the event’s midpoint, to ensure consistent input sizes for neural networks.

2.2 Self-supvervised Pre-Training

Variational Autoencoder: We train a VAE to capture HFOs’ morpholog-
ical features. The VAE includes a Time-Frequency Morphological Encoder &g
and a Morphological Decoder D~. The encoder & transforms an HFO event
hi, represented as a fixed-length signal w;, into a time-frequency representa-
tion W; = MorletTransform(w;), then projects it into a lower-dimensional la-
tent space, yielding a distribution parameterized by pg(w;) and Xg(w;). A la-
tent code z; ~ /\/’(ug(wi), g (wi)) is sampled, and the decoder D., reconstructs

W; = D, (z;), reconstructing the HFO’s morphological feature.

Encouraging Morphological Understanding: To measure discrepancies be-
tween the real and reconstructed representations, we employ the perceptual loss
[6] £perceptual, which uses the Lo distance between feature maps extracted from
different layers of a pre-trained VGG16 network ¢(-). Specifically, Lperceptual =
S 1o (OW;) — (W) |13. To further disentangle the latent space and enhance the
morphological expressiveness, we adopt a learnable 5-VAE strategy. We intro-
duce learnable 8 on the original VAE loss function and we dynamically adjust
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Fig.1: Overview of the Proposed SS2LD Framework. (a) HFO events are de-
tected in interictal (in-between seizures) intracranial EEG recordings using rule-based
detectors, including pathological, physiological, and background noise events. (b) A
VAE is pre-trained to reconstruct HFO morphological features, derived via Morlet
Transform, with the encoder mapping inputs to latent distributions and the decoder
reconstructing sampled latent codes. (c) Latent representations are projected by PCA,
with a color-coded 2D plot representing clustered event types. (d) Hierarchical cluster-
ing identifies distinct morphological groups, enabling weak supervision for classifying
pathological events. (e) A classifier is trained on both original latent codes (u) and
VAE-generated samples (i) to further refine the decision boundary.

8 to balance between reconstruction and disentanglement of latent represen-
tations throughout training. Specifically, in each minibatch, the £ is updated
by: Bnew = B+ Bir - (E[LkL] — E[Lperceptual]), Where f; is a learning rate for
B; and Lki, = KL(¢(z | z)||p(2)), where ¢(z | z) is the approximate poste-
rior and p(z) is the standard normal prior. Finally, the pre-train objective is:
Lpretrain = (1—8) Lperceptual 5 L1 (B € [0, 1]). Minimizing this loss encourages
precise reconstructions and a disentangled, regularized latent representation.

2.3 Weak Label Discovery from Structured Latent Space

After pre-training, we aim to gather meaningful insight into the latent represen-
tation by visualizing the input signals, their corresponding reconstructed signals,
and the associated latent codes within the latent space. In Figure [T we observe
that the entire latent space could be broadly clustered into three morphologies,
each with its own clinical significance: (1) pathological, (2) physiological, and
(3) background noise. Furthermore, the model’s reconstruction ability for back-
ground noise is limited (Figure [I{d), likely due to the diverse morphologies of
such events. To provide weak supervision, we conduct hierarchical clustering in
the latent space. We first fit a k-means cluster with k = 2 across the entire la-
tent space to separate background noise from HFO events, selecting the cluster
with the higher reconstruction loss as the background class. Next, we cluster
the remaining HFO events (again with k = 2) to distinguish pathological from
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physiological events. We label the cluster predominantly located within the re-
sected region as pathological. Finally, we assign a weak supervision label [ =1
to pathological events and [ = 0 otherwise (physiological and background noise).

2.4 VAE-Based Augmentation for Biomarker Distillation

The latent-space visualization suggests that distinct morphological characteris-
tics of the biomarkers are separated within this space. However, since k-means
does not account for complex latent geometries, the class boundaries may not
conform well to the actual distribution of biomarkers. We, thus, freeze the VAE
parameters and train a classification head Fy, on top of the encoder to predict
pathological events. By leveraging and distilling the weak supervision introduced
by k-means, this training step refines the decision boundary. Furthermore, to im-
prove generalization, we augment the training with VAE-generated surrogates:
for each W;, we sample WZ We then encode both W, and Wz to latent vectors
1; and fi;. Assuming similar morphology implies the same category, the classi-
fier loss is Lelassifier = BCE(Fy (1), i) + BCE(Fy(f1;),1;), ensuring consistent
predictions across original and surrogate samples.

3 Results

3.1 Dataset

We conduct experiments using the Open iEEG dataset [2I], which comprises
recordings from 185 epilepsy patients from two institutions (UCLA & Detroit).
Surgical outcomes (post-resection seizure freedom) are available for 162 patients
(113 seizure-free). Each electrode (channel) is clinically annotated as resected or
non-resected, with a total of 686,410 detected HFOs (from two kinds of HFO
detector, STE and MNT). We randomly shuffle the subjects and conduct subject-
wise fivefold cross-validation. We also extend our experiment using Zurich iEEG
dataset [I4], which includes 20 epilepsy patients. Following [2], we apply a bipo-
lar montage to the EEG recordings, yielding 15 patients (10 seizure-free) with
valid resection annotations (excluding five due to annotation errors of resection
margin). We detect 97,511 HFOs (STE & MNI) using the HFO detection param-
eters in [22]. Since each subject in the Zurich iEEG dataset has multiple runs,
we treat all detected events across runs as a single set.

3.2 Implementation Details

We implement the VAE using a convolutional neural network with residual lay-
ers as the backbone, setting the latent dimension to 16. Each HFO event is
represented in a fixed window, producing a time-frequency plot spanning 10-290
Hz over 570 ms, then resized to 64 x 64. For the Open iEEG dataset, we di-
vide each fold into training (n = 119), validation (n = 30), and test sets (n =
36), ensuring balanced institutional representation (UCLA /Detroit). The VAE is
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trained with stratified sampling capping samples per subject at 2,500 per epoch.
Pre-training occurs from scratch using the Adam optimizer (Ir = 1073, weight
decay A = 107%) for 100 epochs with a batch size of 512, initializing S = 1
and Irg = 10~%. For classifier training, we use all training set events per epoch,
training with Adam (Ir = 3 x 107*, A = 107°) and batch size of 4096 for nine
epochs. All experiments are performed on NVIDIA A6000 GPUs.

3.3 Evaluation Metrics

Since there are no explicit ground-truth label for individual HFO, we evaluated
our biomarker classifier using clinical evidence. We introduce two metrics to
evaluate the effectiveness of the predicted pathological HFOs: ability to predict
post-operative seizure outcome and classification specificity.

Surgical Outcome Prediction: Predicting surgical outcomes is one of the
most promising ways to validate the clinical effectiveness of a biomarker, as
it provides a real-world assessment of its prognostic value in guiding epilepsy
treatment. A key feature used in this validation is the Resection Ratio. The
Resection Ratio (RRF) measures the proportion of pathological HFOs located

in surgically resected channels for patient k, which can be defined as RRF =

Number of pathological HFOs in resected channels k _ L
Total number of pathological HFOs ) & value of RR" = 1 indicates com-

plete resection of pathological HFOs, while RRF = 0 implies no overlap. To pre-
dict surgical outcomes (success or failure), we train a logistic regression model
with balanced label weights using RR* on the training and validation sets, then
evaluate it on the test set and Zurich iEEG dataset. Given the class imbalance
(~2/3 success), we report both accuracy (ACC) and F1 scores across five folds.

Classification Specificity: We leverage another evidence to validate the effec-
tiveness of the predicted pathological HFO. If a patient remains seizure-free after
resection, the preserved brain region should contain few or no pathological HFO.

We compute the specificity for each surgical success patient k as Specificity” =

Number of non-pathological HFO in the preserved region : g : :
Total number of HFO detected in the preserved region ’ where a hlgher SpeClﬁCIty indi-

cates better classification performance. The overall specificity (SPEC) is then
defined by averaging across all surgical success patients (across five folds), given
by SPEC = ﬁ Y okes Specificity”, where S is the set of successful cases.

3.4 Comparison with State-of-the-Art Methods

We compare SS2LD against two state-of-the-art pipelines for classifying patho-
logical HFOs, leveraging their publicly available models. These pathological
HFOs are defined as: (1) Epileptogenic HFO (eHFO) [9], identified via
weakly supervised learning rooted in clinical evidence; and (2) HFO with
Spike Discharge (spkHFO) [22], trained on human-annotated events in-
formed by clinical expertise. Table [1| presents the performance of SS2LD along-
side other pipelines, reporting the averaged ACC and F1 scores across five folds,
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Table 1: Performance comparison in Open iEEG and Zurich iEEG datasets.
‘ Open iEEG Dataset ‘ Zurich iEEG Dataset
| AcCC F1 SPEC| ACC F1 SPEC

eHFO [9] 0.538 £ 0.119 0.397 £ 0.069 0.543 |0.533 £ 0.000 0.364 4= 0.000 0.745
spkHFO [22]|0.594 £+ 0.129 0.434 +0.070 0.703 |0.600 & 0.000 0.500 £ 0.000 0.819

SS2LD ‘0.612 +0.131 0.464 £+0.069 0.749 ‘0.640 +0.037 0.583 £0.050 0.909

along with their standard deviations (STD). Specificity is averaged across all
patients for the Open iIEEG dataset. For the Zurich iEEG dataset, since SS2LD
is trained using five-fold cross-validation, specificity is first averaged across pa-
tients and then across the five folds. For [922], the classifier is trained on distinct
patient subsets from the Open iIEEG dataset over five folds; however, decision
boundary variations do not impact performance on the Zurich iEEG dataset,
yielding an STD of zero for ACC and F1 scores. Nevertheless, SS2LD outper-
forms both in seizure outcome prediction and specificity across all datasets.

Ablation Studies: We present ablation studies on key components of the pro-
posed SS2LD: (1) Weak Supervision, using weak supervision provided from k-
means clustering; (2) Supervised Distillation, training the classifier with super-
vised distillation (SD) but without VAE augmentation (AUG). Additionally,
we investigate the impact of latent space dimensions (DIM = 8, 32, and 64).
A latent dimension of 8 appears overly restrictive, limiting the model’s ability
to capture critical details of pathological events. While SS2LLD achieves higher
specificity with latent dimensions above 16, the denser latent details can lead
to overfitting and overly conservative predictions (favoring non-pathological la-
bels), potentially reducing its clinical utility. Table |2 highlights the effectiveness
of our proposed modules and the selection of latent dimensions.

Table 2: Ablation study results for SS2LD on the Open iEEG dataset.

|SD AUG |DIM| ACC F1 SPEC

Weak Supervision 16 0.557 +£0.101 0.423 4+ 0.066 0.739
Supervised Distillation| v 16 | 0.568+0.116 0.433£0.058  0.715
v v |8 0.562 £0.134 0.426 £0.065  0.736

SSOLD v v | 16 | 0.612+£0.108  0.464 +0.063  0.749

v V| 32| 0.59340.128 0.442 £0.065  0.761

v V| 64| 0.57440.126 0.431 £0.061  0.752
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Fig. 2: Latent Dimension Interpolation and Dimension Knockout: We visualize
the interpolation results focusing on the top 5 most expressive latent dimensions in one
example fold. (Left) Each row corresponds to a specific latent dimension, annotated
with its inferred role in encoding HFO morphology, including variations in spectral
intensity across frequency bands (e.g., 80 Hz), peak frequency shifts, and the pres-
ence of additional events. The central spectrogram represents the original unperturbed
"seed", derived from the mean latent code of predicted pathological events. Notably,
the first dimension corresponds to background noise to pathological events. (Right)
PCA is performed after knocking out each latent dimension to assess its influence on
the classifier’s decision boundary. Each scatter plot visualizes the distribution of latent
embeddings post-knockout, with colors indicating classifier-predicted pathological (or-
ange) or non-pathological (green) events. Overall, the first dimension contributes the
most to the final decision boundary.
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3.5 Neurophysiological Meaningful Latent Space

To investigate the neurophysiological role of each latent dimension, we inter-
polate the latent space using the mean latent code of predicted pathological
events as a seed. Each dimension is adjusted from its smallest (0.001 percentile)
to largest (0.999 percentile) value across all latent codes. The VAE decoder
then transforms these interpolated latent codes into their corresponding time-
frequency representations, enabling us to visualize how variations in each di-
mension affect the encoded neurophysiological features. Furthermore, to evaluate
each dimension’s influence on the decision boundary, we conduct latent knockout
by setting a dimension to zero, recalculating the PCA, and color-coding results
by classifier predictions. Increased mixing of pathological and non-pathological
predictions suggests a stronger contribution to the decision boundary. Figure
illustrates how distinct latent dimensions encode unique HFO morphological
features and affect the decision boundary, demonstrating the meaningful latent
space that VAE learned.
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4 Conclusion

SS2LD introduces a self-supervised approach that outperforms supervised meth-
ods while offering explainable decision-making. The VAE pretraining yields a
computational latent space that is interpretable via its decoder and could be
applicable to various iEEG applications. However, the current model excludes
frequency bands outside 10-290 Hz, potentially overlooking informative signals.
Future work will extend the evaluation to broader frequency ranges, additional
biomarkers beyond HFOs, and more diverse datasets. With these advancements,
SS2LD has the potential to be seamlessly integrated into clinical workflows, pro-
viding objective, interpretable, and time-efficient pathological HFO predictions
to support more effective treatment planning.
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