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Background

• Foundation models have revolutionized natural language processing.

• This success inspired a paradigm shift in EEG analysis toward the development of task-agnostic foundation models.

EEG Foundation Modeling

Tokenization Challenge

• Tokenization, a core component in NLP, transforms raw text into meaningful tokens, which reduces data complexity 
and introduces a helpful inductive bias in foundation models.

• Despite progress in EEG FMs, an important open problem remains:

• How to design an effective tokenization method for EEG signals?

• Existing EEG foundation models tokenize signals by directly segmenting continuous EEGs into short-duration à
This fails to capture reusable, statistically grounded tokens from the signal. 
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Key Challenges in EEG Tokenization

1 2 3

Tokenization Target Token Resolution Tokenization Learning
Objective

• Real-world EEG is highly 
heterogeneous (devices, 
channels, durations)

• Tokenization in NLP varies by 
granularity.

• EEG differs: signals contain 
oscillatory patterns (alpha, beta) 
and transients (spikes) 

• EEG signals have complex 
temporal variations

• Mixture of low- and high-
frequency components
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Key Contributions

• Formulating Single-Channel EEG Tokenization

• Introduce learning of discrete token vocabulary from single-channel EEGs by capturing time-
frequency motifs. 

• We introduce a single-channel EEG tokenization framework:

• TFM-Tokenizer: Converts EEG into a discrete token sequence.

• A lightweight transformer model then uses EEG tokens for cross-channel and downstream modeling.

• Broad Evaluation across Datasets, Foundation Models, and Devices.
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TFM-Tokenizer
Phase 1: TFM-Tokenizer Training Phase 2: Downstream Transformer
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How Does TFM-Tokenizer Compare To Existing 
Baselines?
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Can TFM-Tokenizer Improve Existing 
Foundation Models?
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Does TFM-Tokenizer Scale To Other Brain-
signal Types / Devices?
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Do The Learned Tokens Capture Meaningful 
EEG Motifs?
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