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Automated sleep staging from polysomnographic signals is essential for diagnosing sleep disorders, yet the potential of large lan-
guage models (LLMs) for this task remains underexplored. This study benchmarks traditional deep learning architectures (RNN,
LSTM, GRU, Transformer) against zero-shot LLM approaches (GPT for Time Series, GPT-Neo) for EMG-based sleep stage
classification using a public dataset of 100 subjects, yielding 26,992 windowed samples evaluated via 3-fold cross-validation.
The GRU achieved the highest accuracy (75.96%), substantially outperforming competing models (73.9-74.62%). Zero-shot
LLMs performed near chance level, with GPT-Neo showing an AUC of 0.50. These findings indicate that task-specific deep
learning models remain preferable for biosignal classification, while zero-shot LLMs require domain adaptation before clinical
deployment.

Introduction

Sleep disorders such as insomnia and obstructive sleep ap-
noea are prevalent and clinically significant, yet they still lack
definitive cures. Advances in ML have enabled automated
sleep staging, classifying epochs into Wake, N1, N2, N3, and
REM, using EEG, ECG, EMG, and EOG1–3. Accurate stag-
ing is foundational for downstream detection of irregularities
and prediction of sleep-related complications4.

Here, the study focuses on EMG-based sleep staging us-
ing a public dataset (see the Data section). The study com-
pares deep learning architectures with zero-shot LLM base-
lines to evaluate performance. Based on prior evidence that
zero-shot LLMs underperform specialised models on biosig-
nals2,5,6 the study hypothesised that trained models would
outperform zero-shot approaches on time-series classification.
The study selected four deep learning architectures that rep-
resent distinct approaches to sequential modelling. Standard
RNNs serve as a foundational baseline, capturing temporal
dependencies via recurrent connections, but have difficulties
from vanishing gradients on long sequences. LSTMs address
this limitation through gating mechanisms that regulate in-
formation flow, making them a standard choice for biosignal
classification tasks, including sleep staging and seizure detec-
tion7. GRUs offer a computationally lighter alternative with
fewer parameters while maintaining comparable performance
on many sequence tasks. Transformers utilize self-attention
to model long-range dependencies without recurrence, to pro-
duce results across varying sequence domains8. These archi-
tectures enable systematic comparison of architectural com-
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plexity against classification performance on physiological
time series. The study has three key contributions: (1) a repro-
ducible ML pipeline for multi-channel time series; (2) bench-
marks contrasting traditional models and zero-shot LLMs for
sleep staging; and (3) insights into the conditions under which
recurrent architectures outperform attention-based models on
short physiological time series9,10.

Related Work

The literature review section covers the subtopics explored
in the data. The subtopics being heart activity (ECG), brain
activity (EEG), and overall innovation. First, despite LLM-
based approaches being promising for ECG and EEG interpre-
tation, the most successful applications of LLMs rely on task
specific fine tuning rather than just zero shot inference. Sec-
ond, EMG is still under explored when compared to EEG and
ECG, specifically for differentiating REM sleep from awak-
eness. Third, there are few direct comparisons between zero
shot LLMs and existing sequential architectures on the same
biosignal datasets, which limits the evaluation of practical ad-
vantages of LLMs over existing methods. The study fills these
gaps by benchmarking zero shot LLMs against a systematic
progression of recurrent and attention based models on EMG-
based sleep staging, and providing empirical evidence on the
current viability of unadapted LLMs for physiological time-
series classification.

A study compared both machine and deep learning on
polysomnographic signals and ultimately found that deep
learning outperformed traditional classifiers across numerous
sleep staging benchmarks11. Convolutional Neural Network-
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based sleep staging on EEG signals from the Sleep EDF
dataset received strong performance scores for classifica-
tion, indicating a competitive baseline value for physiologi-
cal data12. Similarly, end to end networks that combine both
CNN and RNN for sleep data analysis showed improvements
in accuracy13. Traditional machine learning analysis of solely
EMG features from the Sleep EDF database achieved over
eighty percent accuracy, indicating that EMG alone is a suffi-
cient signal for classifying sleep stages even when underused
by contemporary literature14. Combinations of EEG, EOG,
and EMG signals, as seen in multimodal machines, demon-
strate the additional value of multiple data channels for overall
classification15. GRU based sleep staging using EEG chan-
nels has been used for its computational efficiency as a recur-
rent model. These models can match or even surpass more
complicated architectures with specific feature selection16.

Before the widespread usage of deep learning, sleep stag-
ing was based on a set of handcrafted features extracted from
polysomnographic signals. These signals include spectral
power, Hjorth parameters, and entropy measures, combined
with classifiers such as support vector machines and random
forest algorithms. Convolutional neural networks managed to
reach strong performance by learning hierarchical features di-
rectly from raw signals with architectures like DeepSleepNet
and U-Time, setting the benchmarks for public datasets17,18.
A recent review of automated sleep staging approaches sit-
uates these architectures within the broader evolution of the
field19. These techniques are still competitive and are still
commonly used in clinical software. They provide the base-
line against which newer architectures should be measured.
The study’s choice of RNN, LSTM, GRU and Transformer
models continues this trajectory towards attention-based se-
quential modelling. Additionally, the study includes zero shot
LLMs to see if general purpose language models can outper-
form task specific alternative models.

Heart Activity

LLM-based and foundation-model approaches for ECG are
emerging. ECG-LM demonstrates that LLMs conditioned on
ECG representations can support clinically meaningful inter-
pretation tasks20. Zero-shot classification with multimodal
prompts remains challenging but can be improved with test-
time clinical knowledge21. A recent review synthesises ECG
foundation-model progress, highlighting advantages in cross-
task transfer and persistent gaps in data diversity and evalua-
tion22. These advances inform the study’s expectations about
LLMs’ strengths/limitations on physiological time-series.

Brain Activity

LLMs for EEG classification and interpretation are promis-
ing but not yet consistently superior to task-specific mod-

els. EEG-GPT explored LLM capabilities for EEG la-
belling/explanation, finding benefits mainly with adaptation
and structure imposed on inputs5. For motor-imagery EEG,
GPT-4-o underperformed traditional models by ∼ 0.15 on ac-
curacy and AUC, underscoring zero-shot limitations6. Com-
parative evaluation of both LSTM and GRU on raw EEG
data found that both models were capable of predicting cog-
nitive states, supporting their inclusion as baselines in signal
classification23. More broadly, surveys outline four applica-
tion areas foundation models, language decoding, media gen-
eration, and data management, and emphasise the need for
richer EEG datasets and rigorous evaluation2. Clinically, EEG
remains valuable for monitoring and prognosis in traumatic
brain injury, motivating reliable staging/abnormality detec-
tion pipelines4. Recent work also targets personalised health
summaries from EEG-image multimodal data24 and thought-
to-text pipelines that align EEG encoders with LLMs25. In
sleep/attention contexts, combining behavioural and EEG sig-
nals with LLMs is a growing direction1.

Advancements in AI

Time-series models that explicitly handle cross-channel de-
pendencies and noise can outperform generic baselines. Tem-
poral dynamic graph networks such as TodyNet learn inter-
variable relations and have shown strong gains on multivari-
ate benchmarks7. Cross-interaction refinement (CrossGNN)
tackles noisy multivariate sequences by modelling cross-
signal structure10. In clinical time-series, multi-resolution
spatiotemporal graph learning can improve classification un-
der distribution shifts9. Beyond physiology, multimodal trans-
former designs for human motion prediction illustrate how
architectural choices and pretraining influence downstream
performance8. Together, these findings support the paper’s
choice of strong task-specific baselines and caution against
assuming zero-shot LLMs will excel without adaptation3.
Literature today evaluating zero-shot time-series LLMs and
broader LLMs applied to time series consistently finds that
limitations in structural reasoning and gaps compared with
task-specific models remain without fine-tuning26,27. A com-
prehensive review of transformer architecture across multiple
biosignals established attention based models as a viable op-
tion for physiological time series analysis, even with chal-
lenges in persistent generalization28.

Data

The study uses the Sleep-EDF Expanded (Sleep-EDFx) Cas-
sette dataset29, publicly available through PhysioNet under
the Open Data Commons Attribution License. The dataset
comprises polysomnographic recordings from 153 subjects
(305 approximately 20-hour sessions), sampled at 100 Hz.
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Each recording includes EEG (Fpz-Cz, Pz-Oz), EOG, and
chin EMG channels, with expert-annotated hypnograms la-
belling 30-second epochs as Wake (W), N1, N2, N3, or REM.

Label distribution was recorded as Wake = 69% (18,617),
Sleep = 31% (8,375). The dataset exhibits substantial class
imbalance. As consistent with other analyses of the Sleep
EDFx cassette, the data are mainly composed of N2 with a
smaller proportion of N1.

Raw EDF files were segmented into 30-second epochs
aligned with hypnogram annotations. EMG channels were
extracted. A 0.5–40 Hz bandpass filter was applied to the
EMG channel before feature extraction. This raw EMG signal
was used directly. Epochs containing artefacts or unlabelled
segments were excluded, yielding 26,992 windowed samples
from 100 subjects. The analysis was conducted on 100 of
the 153 available subjects because of GPU memory and run-
time constraints inherent to the cloud-based training environ-
ment. All of the available recordings within this subset were
included in full.

The data was partitioned using 3-fold cross-validation with
subject-level splits done through GroupKFold. This process
ensures no individual subject’s data appears in both training
and test folds within any fold. Across the three folds, 67 sub-
jects were used for training and 33 for testing, corresponding
to each fold. 5 minutes of sleep per sample was represented
as 30-second epochs of 10 non-overlapping epochs. The label
was assigned to the final epoch in each window.

Methods

To address the research question, a combination of quantita-
tive analysis with programming-based benchmarking was re-
quired. The models were evaluated on both accuracy and
training speed, with comparisons made relative to one another,
as the overall performance was expected to be modest given
the complexity of the task.

The study compares recurrent neural networks (RNN), long
short-term memory (LSTM), gated recurrent units (GRU), and
a transformer against zero-shot LLM baselines (GPT for Time
Series, GPT-Neo). Recurrent models are well-suited to shorter
sequences and can train efficiently; LSTMs add gating to cap-
ture longer dependencies; GRUs provide a compact alterna-
tive; transformers can capture long-range dependencies but
typically require more data and compute9,10. LLMs were eval-
uated zero-shot without tuning, reflecting common practical
constraints in healthcare3,5,6.

All the models were trained for 20 epochs using the Adam
optimizer on a batch size of 32. All models stopped improv-
ing before the limit. The study utilized 3 fold cross valida-
tion as stated above in the Data section. All scaling and gap
filling were done using only the training portion to avoid the
test results being influenced. For each 30-second epoch, the

Hyperparameter RNN LSTM GRU Transformer
Layer 1 units 64 64 64 embed dim=64
Layer 2 units 32 32 32 ff dim=64
Attention heads — — — 2
Dropout 0.2 0.2 0.2 0.2
Dense units 16 16 16 16
Optimizer Adam Adam Adam Adam
Batch size 32 32 32 32
Epochs 20 20 20 20
Input shape (10, 5) (10, 5) (10, 5) (10, 5)

program recorded a five-number feature vector representing
signal power, which were grouped into windows of 10 con-
secutive epochs.

Below is a visual representation of an LSTM unit. LSTM
functions through 3 main gates, and both long-term memory
cell states and a short-term immediate output within its hidden
state.

All deep learning models received input sequences of length
10 with 5 features per timestep corresponding to the five PSD
frequency bands.

Figure. 1 LSTM Model for sleep stage classification.

In addition to these deep learning models, zero-shot large
language models (LLMs) were tested, specifically GPT for
Time Series and GPT-Neo. To apply GPT based models to
EMG signals, raw time-series values were normalized to zero
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mean and then converted to separate strings. Each input se-
quence was truncated or chunked to fit within the model’s con-
text window (1024 tokens for GPT-2, 2048 tokens for GPT-
Neo). Prompts followed the structure: ”an instruction speci-
fying the task and candidate labels, followed by the raw signal
values, followed by a classification query, where the instruc-
tion specified the task and candidate labels”. The model’s out-
puts were parsed by extracting the predicted class label from
the generated text. Responses not matching a valid label were
treated as excluded from any further evaluation. These models
were provided with preprocessed data arrays, and their out-
puts were compared directly with the results of the neural net-
work frameworks. The comparison enabled an assessment of
whether LLM-based approaches could offer competitive per-
formance for EMG sleep stage classification.

Zero-shot evaluation of GPT for Time Series and GPT-
Neo required converting continuous EMG signals into text-
compatible formats. Preprocessed EMG segments (length: 30
samples) were first normalised to zero mean and unit vari-
ance. Numerical values were then converted to string repre-
sentations with 3 decimal places, separated by commas.

Each input was framed using the following prompt tem-
plate:

[SYSTEM/INSTRUCTION]
You are a sleep staging classifier. Given the following EMG

signal values, classify the sleep stage as either 0 or 1.
[INPUT]
EMG values: [v1, v2, v3, ..., vn]
[QUERY]
Sleep stage:
Models were evaluated in a strictly zero-shot setting with

no in-context examples. Generation temperature was set to
0.7 for GPT-Neo with majority vote across 5 return sequences.
GPT-2 used greedy decoding. The responses were parsed by
extracting the first occurrence of a valid class label. Any out-
put not containing a recognised label was excluded from eval-
uation. For sequences larger than the model’s context win-
dow (2048 tokens for GPT-Neo), signals were truncated to the
most recent tokens’ worth of signal values. This truncation
may limit the model’s access to relevant temporal context and
represents a known constraint of applying fixed context LLMs
to extended time-series data.

Results

Results are reported as an average across all three cross vali-
dation folds. Classification reports are provided for each deep
learning architecture and LLM baseline.

LSTM — 3-Fold CV Classification Report
Time Series Visualization for all modes relative to their pre-

diction values. The following figures, Figures 3-6, demon-
strate predictions across the sequence of EMG recordings.

Table 1 LSTM — 3-Fold CV Classification Report
Precision Recall F1-Score Support

0 (Wake) 0.7657 0.9105 0.8318 18617
1 (Sleep) 0.6566 0.3805 0.4818 8375
Accuracy 0.7460 26992
Macro Avg 0.7111 0.6455 0.6568 26992
Weighted Avg 0.7318 0.7460 0.7232 26992

Confusion Matrix: [[16950, 1667], [5188, 3187]]
AUC (macro): 0.7302 APRC (macro): 0.5860

Table 2 RNN — 3-Fold CV Classification Report
Precision Recall F1-Score Support

0 (Wake) 0.7607 0.9221 0.8337 18617
1 (Sleep) 0.6722 0.3551 0.4647 8375
Accuracy 0.7462 26992
Macro Avg 0.7165 0.6386 0.6492 26992
Weighted Avg 0.7332 0.7462 0.7192 26992

Confusion Matrix: [[17167, 1450], [5401, 2974]]
AUC (macro): 0.7255 APRC (macro): 0.5843

Table 3 GRU — 3-Fold CV Classification Report
Precision Recall F1-Score Support

0 (Wake) 0.7719 0.9247 0.8414 18617
1 (Sleep) 0.7011 0.3927 0.5034 8375
Accuracy 0.7596 26992
Macro Avg 0.7365 0.6587 0.6724 26992
Weighted Avg 0.7500 0.7596 0.7366 26992

Confusion Matrix: [[17215, 1402], [5086, 3289]]
AUC (macro): 0.7404 APRC (macro): 0.6168

Table 4 Transformer — 3-Fold CV Classification Report
Precision Recall F1-Score Support

0 (Wake) 0.7497 0.9332 0.8314 18617
1 (Sleep) 0.6743 0.3075 0.4223 8375
Accuracy 0.7390 26992
Macro Avg 0.7120 0.6203 0.6269 26992
Weighted Avg 0.7263 0.7390 0.7045 26992

Confusion Matrix: [[17373, 1244], [5800, 2575]]
AUC (macro): 0.7195 APRC (macro): 0.5812

Each plot compares predicted sleep probabilities to ground
truth labels across 100 consecutive windows. In addition to
the classification metrics done in the classification reports,
these graphs illustrate prediction across different time series
segments.

Below are the ROC curves for all traditional models. The
x-axis represents the false positive rate and the y-axis the true
positive rate. The area under the curve (AUC) represents over-
all model discrimination ability, with 0.5 indicating random
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Figure. 2 LSTM Predicted vs Ground Truth Sleep Stage Across
EMG Epochs

Figure. 3 GRU Predicted vs Ground Truth Sleep Stage Across EMG
Epochs

Figure. 4 RNN Predicted vs Ground Truth Sleep Stage Across EMG
Epochs

Figure. 5 Transformer Predicted vs Ground Truth Sleep Stage
Across EMG Epochs

chance-like performance and 1.0 indicating a perfect classifi-
cation. All four models substantially exceed the 0.5 baseline,
with GRU achieving the highest AUC of 0.7404. Lastly, the
Area under the Curve for an ROC graph represents the ability
of the model, with an area of 0.5 being essentially guessing

Table 5 GPT-2 (Time Series) — Zero-Shot Classification Report
Precision Recall F1-Score Support

0 (Wake) 0.5556 0.8333 0.6667 6
1 (Sleep) 0.6667 0.3333 0.4444 6
Accuracy 0.5833 12
Macro Avg 0.6111 0.5833 0.5556 12
Weighted Avg 0.6111 0.5833 0.5556 12

AUC (macro): 0.5833 APRC (macro): 0.5509

Table 6 GPT-Neo — Zero-Shot Classification Report
Precision Recall F1-Score Support

0 (Wake) 0.5000 1.0000 0.6667 6
1 (Sleep) 0.0000 0.0000 0.0000 6
Accuracy 0.5000 12
Macro Avg 0.2500 0.5000 0.3333 12
Weighted Avg 0.2500 0.5000 0.3333 12

AUC (macro): 0.5000 APRC (macro): 0.5000

between binary trues and falses.
Across all models evaluated under 3-fold cross-validation,

GRU achieved the highest accuracy of 75.96% and AUC
of 0.7404, while LSTM and RNN performed comparably at
74.60% and 74.62%, respectively. The Transformer achieved
the lowest accuracy of 73.90%, suggesting that self atten-
tion based mechanisms may require more data or possibly
longer sequences to outperform recurrent alternatives. Zero-
shot LLMs underperformed specialised models, mirroring re-
cent EEG/ECG findings5,6,21,22.

Combined ROC Graph for LLMs

Figure. 6 Combined ROC Curves for Traditional Models

Classification reports were also the main form of tracking
data for the LLMs. In their case, tuning was not possible. This
also led to the overall ROC curve being a comparison of both
models, instead of differing stages within the same training
data.
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Figure. 7 Combined ROC Curves for Large Language Time Series
Models

The following chart shows accuracy per model derived from
the average of 3-fold cross-validation results. GRU achieves
the highest accuracy among all models at 75.96%, and all of
the four deep learning models outperform both zero-shot LLM
baselines.

Figure. 8 Combined Accuracies

Discussion

Two trends stand out: (1) all four deep learning models clus-
ter between 73.90% and 75.96% accuracy, substantially above
the zero-shot LLM baseline, and (2) GRU achieved the high-
est accuracy of 75.96% with AUC 0.7404. This outperforms
the Transformer, which achieved the lowest accuracy across
the four deep learning models at 73.90%. The clustering of
recurrent models most likely reflects the suitability of gating
mechanisms for capturing short-to-medium range dependen-
cies in EMG signals. The classification visualisations suggest

RNNs can overfit local oscillatory patterns without improving
the overall metrics.

GRU’s strong performance suggests its gating mechanism is
well suited for capturing the large amount of short to medium
length patterns that are present in EMG sleep signals. On
the other hand, the Transformer appears to require longer se-
quences or larger datasets than those available in this study
to demonstrate its advantages, consistent with evidence that
attention-based models benefit from richer and more varied
input data9,10.

These accuracies are near but still lower than high-end sleep
staging systems which generally achieve 80-85% on multi
class classification using EEG17. The remaining gap suggests
that EMG as a signal by itself might not have enough infor-
mation for specific staging. Possibly expanding to multimodal
inputs such as EEG and EOG could reduce the accuracy gap.

There are 5 major limitations to the study’s findings. First,
the binary Wake vs Sleep framing is an oversimplification of
the clinically relevant 5-class staging problem, and perfor-
mance on the full multi-class task would likely be different.
Secondly, the dataset used in the study suffers from a class im-
balance with Wake accounting for 69% of the windows. This
imbalance explains the high Wake recall for all models and the
low sleep recall as shown in the classification reports. Third,
design choices for zero shot LLM evaluation, such as tokeni-
sation, prompt structure, and truncation, have the potential to
be detrimental to these models compared to more purpose-
built implementations. Next, given the computational cost of
rerunning inference on 26,992 windows given context window
constraints, LLM baselines were evaluated on the majority
aggregate values of the original pipeline’s test split. Finally,
the restriction of analysis to EMG ignores the more valuable
information available from the EEG and EOG channels that
are typically used for sleep staging. These limitations pre-
clude strong claims about the absolute performance of the ap-
proaches tested, however the relative performance ordering of
models is well supported by the cross validated results.

Zero-shot LLMs were not competitive here, which is con-
sistent with reports that unadapted LLMs struggle with raw
biosignals and require task-specific encoders, prompts, or
multimodal alignment2,3,5,6. In ECG, test-time clinical pri-
ors can help, but do not eliminate the gap to specialised mod-
els20–22. Looking forward, multimodal LLM frameworks that
fuse EEG/EMG/EOG and behavioural inputs with domain-
adapted encoders, or graph-structured time-series models
that capture cross-channel dependencies, represent the most
promising directions for closing the gap to higher end sleep
staging.

When looking towards ROC curves specifically, the curves
reinforce these findings. GPT-Neo achieves an AUC of 0.50,
sitting directly on the chance diagonal, confirming perfor-
mance no better than random classification on raw EMG sig-
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nals. GPT-2 marginally exceeds chance at AUC 0.58. Among
the deep learning models, GRU achieves the highest AUC
of 0.7404, followed by LSTM at 0.7302, RNN at 0.7255,
and Transformer at 0.7195. The consistent separation be-
tween the deep learning curves and the LLM baselines across
the full ROC space provides strong visual confirmation that
task-specific trained models substantially outperform zero-
shot LLMs on this biosignal classification task.

Data Availability

The Sleep-EDF Expanded Cassette dataset is publicly avail-
able through PhysioNet29,30. In addition, there are existing
public program scripts for fitting data to a model. Overall,
public availability has made data and its utilization very pos-
sible. However, it is not entirely perfect; sleep data, while
its labelling and specifications may be vast, don’t necessarily
have the breadth of patients to reach all possible conditions.
This has the potential to force a balance between generalized
models and unaccounted sleep circumstances.

Conclusion

This study benchmarked four deep learning architectures and
two zero-shot LLM baselines for EMG-based sleep stage clas-
sification using the Sleep-EDF Expanded Cassette dataset,
evaluated across 3-fold cross-validation. Computational con-
straints limited the pool of testable LLM architectures and pre-
cluded LLM evaluation on the full epoch-level dataset.

The results confirmed the central hypothesis that task-
specific deep learning models outperform zero-shot LLMs
on biosignal classification. All four deep learning mod-
els achieved accuracies between 73.90% and 75.96% across
26,992 windowed samples, well above GPT-2 at 58.33% and
GPT-Neo at 50.00%. GRU emerged as the strongest model
at 75.96% accuracy and AUC 0.7404, with its compact gating
mechanism proving well-suited to capturing temporal EMG
patterns. GPT-Neo’s chance-level AUC of 0.50 reinforces
the broader finding that unadapted language models require
domain-specific adaptation before clinical deployment. Fu-
ture work should explore multimodal inputs combining EEG,
EOG, and EMG, full five-class staging, and fine-tuned LLM
approaches to bridge the gap between general-purpose lan-
guage models and task-specific biosignal classification.
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