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Electroencephalogram (EEG)

Why EEG for Neurodegeneration?

EEG reading

 Non-invasive

* Low-cost diagnosis

* Repeatable at scale

Motivation

» Single-center bias

* Limited labels



2. Method

Normal Series

Target
Dataset

Anomaly Series

Target

Dataset
after Data Augmentation

OO O External
OO O Dataset

s
9.,.. .NEURAL INFORMATION
"'-i. . PROCESSING SYSTEMS
ole
°

YD
Overview of our three-stage training framework
Phase 1: Discrepancy Estimation Phase 2: Adaptive Contrastive Learning Phase 3: Fine Tuning
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Stage 1: Training and inference of Discrepancy Estimator.

Stage 2: Training of Adaptive Contrastive Learner

Stage 3: Supervised fine-tuning
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Table B1: Different Models Utilize Different Levels
. . : Models Subject Trial Epoch Temporal| View
» The subject j denotes the subject ID. SimCLR = = p\/ s j
> Atrial r, refers to a continuous set of observations TF-C v
: . Mixing-up v
collected over an extended time period TNC v
» An epoch is a sequence of consecutive observations TS2vec v v
derived from a trial LG * d
CLOCS v &
> A temporal refers to a single data point or vector recorded COMET v v v v
at a specific timestamp DAAE i ¥ ¢ 4 v
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Visualization of Multi-View Representations on the AD Dataset. The figure compares contrastive view

representations obtained through selfsupervised contrastive learning and 100% supervised fine-tuning
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Paper Page: https://neurips.cc/virtual/2025/poster/115757
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