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Problem
• Polysomnography (PSG) is the gold standard but im-

practical for continuous/large-scale monitoring.
• Consumer wearables scale but can deviate from PSG,

especially for wake/deep sleep; many lack EEG.
• Goal: do sleep staging on XHRO real-world

recordings using transfer learning from PSG-labeled
DREAMT.

Data & Device
• Source (clinical): DREAMT (100 participants); sleep annotation: every 30 s

(PSG); channels: PSG (EEG/ECG/ACC, etc.) 100 Hz.
• Target (real-world): XHRO (34 participants); channels:

EEG/ECG/PPG/ACC/Temp; sampling: EEG+ECG 250 Hz, PPG 50 Hz, ACC
25 Hz, Temp 1 Hz;.

• Evaluation labels: Fitbit worn in parallel; 300 s sleep labels (not PSG ground
truth) (34 participants).
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(Left) XHRO neck-worn device and electrode
placement (behind-ear/clavicle leads).
(Right) Standard 10–20 PSG montage; high-
lighted electrodes indicate the channels used:
green (DREAMT) and red (XHRO).

Signal Processing & Features
• Windowing: All signals and labels are aligned into

300 s (5 min) windows.
• EEG (XHRO): Welch power spectral density

(PSD) → band powers (δ, θ, α, β) + Individual Al-
pha Frequency (IAF).

• PPG→HR (XHRO): 4-ch (IR/R/G/B) → cardiac
band-pass → HR per 300 s.

• Feature vector (300 s): [IAF, δ, θ, α, β, HR].

DREAMT provided HR; EEG was preprocessed similarly.
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CEBRA Embeddings
CEBRA[1] is a self-supervised method that learns a low-dimensional embedding of time-
series data, preserving temporal structure and relationships between samples.

CEBRA latent space (binary
classification).

CEBRA latent space (sleep
stage classes).

DREAMT: MLR model
performance for sleep stage

classification.

Transfer learning (TL) via shared CEBRA embeddings: train on DREAMT and project
XHRO into the same latent space for sleep stage transfer.
[1] Schneider, S., Lee, J. H., & Mathis, M. W. (2023). Learnable latent embeddings for joint behavioural
and neural analysis. Nature, 617(7960), 360-368.

Evaluation: Agreement with Fitbit 5-min labels (not PSG)

Best TL (DREAMT→XHRO) using EEG+HR reaches 0.740 (AW/AS) and 0.736 (AW/L/D/R) vs Fitbit labels.

Figure 1: Sleep vs Wake accuracy (AW/AS) [2].

Chinoy [2] is PSG-based; TL results are Fitbit-based.

Figure 2: Mean accuracy across participants.

Awake(AW), asleep(AS), Light (L), Deep (D), Non REM(NR), REM(R)
[2] Chinoy, E. D., et al. (2021). Performance of seven consumer sleep-tracking devices compared with polysomnography, Sleep, Volume 44, Issue 5

Hypnogram Conclusions
• PSG-trained CEBRA embeddings transfer to real-

world XHRO and consistently improve sleep staging,
even with non-standard EEG placement.

• Limitations: Evaluation uses Fitbit-derived labels
(not PSG), so results reflect agreement with a com-
mercial device and may inherit systematic biases.

• Clinical validity: XHRO was collected in the wild
without PSG; clinical supervision enters only via
DREAMT, so direct XHRO–PSG validation studies
are needed to establish clinical-grade accuracy.
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