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Abstract

In this paper, we investigate a novel sleep EEG foundation model designed to cap-
ture long-term temporal dependencies in EEG sequences and reduce implausible
predictions in sleep stages. Unlike existing models that treat short EEG epochs
as independent samples, our method aggregates a sequence of pre-tokenized EEG
epochs and learns structured dynamics spanning multiple stages. We adopt a
masked language modeling framework, leveraging masked token prediction to en-
able robust temporal representation learning. Empirical results on the SHHS dataset
show that our model outperforms four state-of-the-art EEG foundation models
across standard classification metrics. Moreover, we introduce a novel metricIrreg-
ular Transition Rate to assess the biological plausibility of stage transitions. Our
method significantly reduces ITR to 15.2%, compared to 29.6% (BIOT) and 33.7%
(EEGPT), confirming its superior ability to model coherent sleep dynamics.

1 Introduction

Sleep is a vital biological process marked by a series of physiological transitions. Effective sleep
requires understanding of the macrostructure sleep [Phan et al., 2022, Chen et al., 2023], such as
assessing the proportion of time spent in deep sleep. Achieving such insights relies on accurate
annotation of overnight patient recordings, typically electroencephalograms (EEG). The American
Academy of Sleep Medicine (AASM) categorizes sleep into five stages: Wake, N1, N2, N3, and
REM [Berry et al., 2013]. Clinically, experts must inspect patient recordings and assign a sleep stage
to each 30-second EEG epoch based on distinct features. This manual process is labor-intensive and
time-consuming, often requiring collaboration among multiple clinicians.

Deep learning models have demonstrated impressive success in automating sleep stage annotation
[Phan et al., 2019, Jia et al., 2020, Chen et al., 2022, Pradeepkumar et al., 2024]. Such achievements
stem from learning stage-specific representations for noisy EEGs. However, most existing methods
rely on supervised learning with large amounts of costly, labeled data. Several self-supervised learning
(SSL) methods have been proposed, aiming to learn meaningful representations from unlabeled EEGs
[Eldele et al., 2021b, Kotoge et al., 2024]. However, real-world EEG signals are acquired under
diverse scenarios and varying settings. These SSL methods are case-specific with carefully designed
architectures and fixed channel settings, limiting their scalability across data formats or settings.

Related Works in EEG Foundation Models (FMs). Recently, the transformative success of LLMs
has sparked growing interest in building EEG FMs. Namely, BIOT [Yang et al., 2024] is the first
benchmark for EEG FMs, establishing a SSL pretraining and evaluation protocol across diverse data
formats, including varying channel counts and sequence lengths. EEG2Rep [Mohammadi Foumani
et al., 2024] enhances EEG representation learning by leveraging latent-space reconstruction and
semantic-aware masking to robustly capture informative patterns in noisy, continuous EEG signals.
LaBraM [Jiang et al., 2024] introduces a vector-quantisation-based tokenizer that discretizes EEG
signals into neural code tokens, enabling masked token prediction in a vision-inspired pretraining
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Figure 1: Compared with conventional epoch-level models, our epoch-sequence model leverages
cross-epoch context. Our model generates time-dependent outputs from sequential epochs. In sleep
staging, it reduces predictions of irregular, abrupt stage transitions.

framework. EEG-GPT [Wang et al., 2024] further leverages both contrastive learning and make
prediction to build an EEG representation space capable of generalizing across datasets.
- Limitations. Existing FMs typically model EEG data at the single-epoch level (such as 5-second
or 30-second segments), which is problematic for the sleep stage annotation task. This modeling
treats each EEG epoch as an independent and identically distributed (i.i.d.) sample, overlooking the
strong temporal dependencies inherent in sleep architecture. In clinical practice, sleep experts often
manually account for temporal dependencies across consecutive epochs to determine ambiguous or
transitional stages [Chen et al., 2023]. However, the i.i.d. assumption in single-epoch FMs often lead
to biologically implausible stage transitions (e.g., abrupt jumps from Wake to REM), which reduces
both model interpretability and clinical trustworthiness.

In this work, we investigate a new EEG foundation model that operates beyond the single-epoch
modeling and instead learns from EEG sequences. Empirically, our central hypothesis is that captur-
ing transitions between sleep stages, rather than treating each short EEG segment as independent,
enables the model to better characterize physiological dynamics. We assume that an individuals brain
states exhibit temporal continuity and typically do not change rapidly. Methodologically, our model
aggregates multiple pre-tokenized EEG epochs into continuous representations, enabling the learning
of inter-epoch dependencies and global sleep architecture. We pretrain the model using a combination
of sequentially masked token prediction and cross-entropy objectives, encouraging it to learn both
contextual and discriminative patterns across time. Experimentally, we evaluate our model on the
SHHS dataset and we outperform recent four EEG FMs across classification metrics. Moreover, we
introduce a novel evaluation metric of Irregular Transition Rate (ITR), which quantifies biologically
implausible stage changes within predicted sleep sequences. Our model consistently yields lower
ITR scores, demonstrating it reduce unrealistic transitions in sleep stage predictions.
Remark (Potential for Broader Applicability). Our model holds promise for broader EEG-based
applications, such as seizure detection or braincomputer interface tasks. We assume that individuals
tend to remain within a particular brain or bodily state for extended durations, exhibiting stable
and structured temporal patterns. Modeling these long-term dependencies is crucial for capturing
gradual transitions, persistent abnormalities, or recurring neural signatures across time. Extending
the proposed method to other domains is a key future work.

2 Method

In this study, we propose a framework for modeling long-term EEG sequences (Figure 2). Our
framework consists of two modules: (i) Epoch-level EEG encoder learns diverse EEG waveform
patterns within each 30-second EEG epoch and tokenizes them. (ii) Sequence-level EEG encoder
captures long-term dependencies by modeling the sequence of tokenized epochs, enabling the
representation of smooth transitions across sleep stages.

2.1 Epoch-level EEG Tokenizer

Given the raw EEG signal X ∈ RC×T , where C denotes the number of EEG channels (electrodes)
and T is the total number of time steps, the epoch-level EEG encoder transforms the input X into

2



Channel aggregation

Y : Label sequence

Embedding

Mask

・・・

C
L

MLP mask predictor

Mask prediction

MLP classifier

・・・

Label prediction
・・・

Embedding

(a) Pretraining (b) Fine-tuning

Ground truth tokens

Aggeregation Aggeregation

Mask token prediction

Aggregated tensor

Length aggregation

Epochs

・・・

Sequential  Encoder

MM ・・・

RoPE + Dropout

Transformer Encoders

MM
Aggregated tensor

・・・

・・・

・・・

Sequential  Encoder
Aggregated tensor

・・・

・・・

Figure 2: System overview: (a) Given an epoch sequence, we mask a subset, embed and aggregate
each epoch to form a compact EEG sequence. We pretrain the encoder by predicting the original
tokens at masked positions after passing the sequence through it, which encourages learning of
temporal dependencies. (b) Initialize the encoder with pre-trained weights and attach an MLP
classifier. We fine-tune the model to predict per-epoch labels from a sequence of tokenized epochs.

a discrete token representation by learning salient waveform patterns across channels and time.
Formally, the encoder outputs a token x′ ∈ V , where V denotes the predefined token vocabulary.

Our model can be combined with any epoch-level EEG foundation model for tokenizing EEG signals.
In this paper, we use the recently proposed TFM-Tokenizer [Pradeepkumar et al., 2025] as the
example epoch-level encoder. For each EEG epoch, both the raw signal X and its short-time Fourier
transform (STFT)-based time-frequency representation are provided as inputs to the TFM-tokenizer.
From these two representations, the tokenizer extracts local time-frequency motifs and quantizes each
motif to the discrete tokens X′ ∈ RC×L, where L denotes the token sequence length.

2.2 Sequence-level EEG Encoder

The Sequence-level EEG Encoder consists of: (i) Pretraining with self-supervised learning to capture
sequentially temporal dependencies; (ii) Finetuning on labeled data for downstream sleep stage tasks.

Pretraining for Capturing Temporal Dependencies. We train a Transformer-based Sequential
model with masked token prediction, following the Masked Language Modeling (MLM) objective
[Warner et al., 2024] to capture the temporal transitions across EEG epochs. Given a sequence of
epoch-level EEG tokens S = (X′

1, . . . ,X
′
G), where G is an epoch length, we apply token-level

masking for MLM and non-masked tokens are mapped to embedding vectors. We then aggregate
the embedded tensor by max pooling over the channel C and token length L dimensions, and
apply rotary positional embedding (RoPE) [Su et al., 2024] to inject temporal order across epochs,
producing a sequence of epoch-level features (h1, . . . ,hG). This epoch-level feature sequence is
passed to a sequential encoder to produce contextual representations (z1, . . . , zG). We select only zi
corresponding to epochs with masked tokens and predict the masked token x′

i via an MLP head and
softmax: Lpretrain = − 1

|M |
∑

i∈M log pi,x′ , where M is the number of masked tokens and pi,x′
i

is the
predicted probability.

Fine-tuning for Downstream Task. For downstream sleep stage classification, we append a two-
layer MLP classifier to the output of the sequential encoder. Given a sequence of epoch-level EEG
tokens S for each epoch, the sequential encoder and classifier predict sleep stage labels Y . The model
is fine-tuned using the cross-entropy loss: Lfine-tune = −

∑
i∈G log pi,yi

.
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Table 2: Comparison of sleep staging performance. Task-specific models (regular) and pre-trained
models (italic); best and second-best scores are indicated.

Method Overall Metrics (%) Per-class F1 (%)

Acc(↑) κ(↑) MF1(↑)ITR(↓) W(↑) N1(↑) N2(↑) N3(↑) REM(↑)

AttnSleep 83.7 0.775 75.9 43.7 91.2 37.7 86.6 85.9 78.0
BIOT 84.4 0.780 73.2 29.6 92.8 28.5 85.5 76.5 82.8
LaBram 81.9 0.746 69.2 35.4 90.8 18.4 83.3 76.7 76.9
EEGPT 83.0 0.767 72.0 33.7 92.0 26.0 85.0 75.0 81.0
TFM tokenizer 77.0 0.671 61.6 40.6 86.7 7.9 79.1 72.4 62.6

Our Method (90 epochs) 84.6 0.784 76.6 15.2 92.1 44.2 85.1 75.3 86.3

3 Experiments

3.1 Experiment Setup

Dataset and Baselines. We used SHHS [Stephansen et al., 2018, Zhang et al., 2018], which con-
tains large-scale sleep recording data from 5,793 individuals. The data was divided into seven parts at
the subject level, with five parts used for training, one for validation, and one for testing to balance
between model generalization and reliable evaluation. Both the training and validation datasets
were used in both the pretraining and fine-tuning. We collected five baselines. AttnSleep [Eldele
et al., 2021a] classifies sleep stages using CNN and self-attention to capture long-term depen-
dencies. TFM-Tokenizer [Pradeepkumar et al., 2025] transforms EEG into discrete tokens and
applies them to downstream tasks. BIOT [Yang et al., 2024] is a EEG FM with the contrastive loss.
LaBraM [Jiang et al., 2024] is a Vector-Quantization AutoEncoder (VQVAE)-based model with
MLM. EEGPT [Wang et al., 2024] is also a large-scale general EEG FM that learns EEG tokens
via MLM and contrastive learning. Regarding foundation models, we used pre-trained models.

Table 1: Irregular Sleep Stage
Transitions : (ζsleep)

Irregular Transitions
Wake → N3 / REM
N1 → N3 / REM
N2 → Wake
N3 → N1
REM → N1 / N3

Metrics. We evaluate all model performance using Accuracy
(Acc), macro-averaged F1-score (MF1) [Yang and Liu, 1999],
and Cohen’s kappa(κ) [McHugh, 2012] for overall performance
and class-specific F1 score. To objectively assess the physi-
ological plausibility of predicted transitions, we propose the
Irregular Transition Rate (ITR). ITR is defined as the proportion
of irregular sleep stage transitions ζ in the predicted sequence
that correspond to transitions considered impossible according
to standard clinical rules of sleep stages, as defined in Table
1 [Zhu et al., 2025]. ITR is as follows:

ITR(%) = 100× ζsleep
Number of all transitions (excluding yi = yi+1)

(1)

where yi is the predicted sleep stage at epoch i.

Training Setup. Our experiments were performed using the AdamW optimizer with a learning rate
of 1× 10−4. The optimizer hyperparameters were set to β1 = 0.9, β2 = 0.999, ε = 1× 10−8, and
weight decay = 0.01. We used a batch size of 128. Pre-training was conducted for 50 epochs, while
fine-tuning was performed for 20 epochs with early stopping on three NVIDIA RTX A6000 GPUs.

3.2 Results

Main Results. Table 2 presents results for our model that uses a 90-epoch sequence as the atomic
training unit, compared with baseline methods on the SHHS dataset. It shows our model achieves
superior overall performance to both task-specific and pre-trained models in the sleep staging task.
In particular, higher κ and lower ITR indicate that our model produces more reliable predictions.
Consistent with this, our ITR is less than half the baselines, suggesting that sequence-based EEG
training enables the model to learn physiologically plausible stage-transition patterns without explicit
penalties for forbidden transitions.
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Figure 4: Hypnograms: Our model predicts physiologically plausible sleep-stage progressions
through sequence learning, whereas TFM often produces physiologically impossible transitions.
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Figure 3: Effect of the number of
epochs on our model performance.

EEG Epoch Length Evaluation. We evaluate the num-
ber of epochs in a sequence. As shown in Fig. 3, the best
performance occurs with 90 epochs (45 min), approxi-
mately half of a typical 90-min sleep cycle [Hartmann,
1968]. This result suggests that too long sequences do not
contribute to performance, possibly due to the inclusion
of redundant or less informative temporal patterns.

Case Study. Furthermore, by visualizing the model’s
sleep stage predictions in Fig. 4, we evaluate its validity.
This figure presents a one-night hypnogram composed of
1000 epochs (500 minutes), comparing sleep stage classi-
fication results from our model and the TFM tokenizer baseline. Both models utilize TFM as the
base encoder for single-epoch tokenization. Compared to TFM, our model exhibits substantially
improved temporal consistency and better alignment with the ground truth, reducing abrupt and
biologically implausible stage transitions. Notably, in the first and third highlighted region, our
model corrects misclassifications where TFM predicted a direct transition from Wake to REM, an
implausible pattern rarely observed in real sleep dynamics. In the second and forth region, we refine
transitions where TFM incorrectly predicts N2 to REM. These corrections illustrate that our models
superior performance stems from its ability to mitigate irregular transitions. While we adopt the same
per-epoch tokenizer as TFM, our model further captures long-range temporal dependencies across
multiple epochs to produce smoother and more physiologically plausible stage sequences.

4 Conclusion

In this study, we proposed a framework that capture long-term dependencies across EEG tokenized
EEG epochs, exceeding the short context window of conventional methods. By further aggregating
tokenized EEG epochs into multi-epoch sequences, our method enabled learning with approximately
half the EEG length of a sleep cycle. The model learns both sequence-level context and discriminative
patterns through pretraining that combines time-series masked token prediction with a cross-entropy
objective function. Experiments on sleep stages demonstrated that our model improves overall
prediction performance and significantly, reducing biologically implausible stage transitions. These
findings show that modeling long-term dependencies lays a foundation for broader clinical/BCI
applications and opening the possibility of extension to other domains.
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