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Abstract: Sleep monitoring is essential for assessing individual health. However, conventional polysomnography
relies on multiple contact sensors and complex data acquisition procedures, making it difficult to meet the
requirements of long-term, home-based monitoring. Radar sensing enables the contactless acquisition of
respiratory and body movement signals during sleep, making it suitable for long-term home-based monitoring.
Existing studies typically use large-scale public sleep datasets for pretraining or develop models for sleep staging
and respiratory disorder detection based on respiratory features extracted from radar signals. The former
requires cross-domain pretraining, resulting in relatively high model development and training costs, whereas
the latter does not fully exploit EEG-derived knowledge, which is more directly associated with sleep-state
assessment, thereby limiting sleep staging performance. To address these limitations, this paper proposes a
progressive EEG-supervised method for contactless sleep monitoring. The proposed method leverages EEG and

respiratory signals from a public dataset to progressively learn transferable discriminative representations
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through knowledge distillation and pretraining, which are then adapted to radar-based respiratory

representations. This approach alleviates the modality gap between EEG and radar signals, thereby improving

contactless sleep monitoring performance. Experimental results show that the proposed method effectively

leverages prior knowledge from EEG to enhance radar-based sleep representation learning, achieving accuracies

of 82.6% for sleep staging and 82.5% for respiratory disorder detection. These results provide a new technical

perspective on contactless sleep monitoring.
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Fig. 1 An EEG-supervised progressive framework for contactless sleep monitoring
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Fig. 2 Contactless sleep monitoring data acquisition scenarios
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Fig. 6 Backbone framework for contactless sleep monitoring
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Tab. 2 Comparison of sleep staging performance with representative baselines

Jii: Acc (%) K MF1 %)  Sens (%)  Spec (%) Wake (%) Light (%) Deep (%) REM (%)
RadioSleep!”!, 79.0£6.9 0.641+£0.16 71.6£5.9 722459 90.4+4.1 82.4+34 84.8+2.1 67.6£7.1 54.24£2.3
Hypnos!* 76.5+4.4  0.595+0.11 67.1+£3.2 67.6%£1.8 89.443.5 76.3+£5.3 82.3+8.4 53.4+4.5 58.3+4.1
ResSleepNet!™ 73.1£29  0.557£0.05 66.1+4.8 70.9+£4.8 89.4+4+1.2 72.0£5.1 76.3£1.9 52.3£7.8 63.449.0
ACFE 82.6+2.2 0.711+0.04 78.9+2.9 78.5+3.0 924+1.1 84.6+5.8 86.0+2.2 69.9+6.3 73.7+4.1

T RAIHBEROR & TP HE bR P B R LS5 5

* 3 SREMELTENITREREREREEL R

Tab. 3 Comparison of respiratory disorder detection performance with representative baselines

Jitk Acc (%) K MF1 (%) Sens (%) Spec (%) N (%) A (%) H (%)
Vaquerizo%s A P71 81.14+2.0 0.548+0.05 64.6+3.7 69.1+3.9 88.9+1.4 87.04+2.6 62.6£10.6 57.845.3
Choi% A1 84.211.6 0.587-+0.04 66.041.8 66.742.2 87.841.0 90.9+1.5 74.149.4 35.246.1
AL A 82.5+4.1 0.593-+0.06 68.0-3.9 74.843.0 91.5+1.2 85.1+£4.0 77.617.8 61.814.4

T RN EE R R & B R br i LA R
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Tab. 4 Effect of EEG knowledge on sleep staging performance

T3 Acc (%) K MF1 (%) Sens (%) Spec (%) Wake (%) Light (%) Deep (%) REM (%)
w/o KD 74.5 0.623 71.1 70.9 90.3 81.7 76.1 43.0 82.6
w/ KD 78.2 0.679 75.6 75.5 91.7 84.4 78.8 52.7 86.0

W RN HEUE RS S BUF Fibs b R iR AR 45
= 5 BxeR EIRZA R B ARERR 4> BR M ARSI
Tab. 5 Effect of EEG knowledge distillation on radar-based sleep staging performance

T3 Acc (%) K MF1 (%) Sens (%) Spec (%) Wake (%) Light (%) Deep (%) REM (%)
w/o KD 80.1 0.674 76.4 75.2 91.3 80.8 85.1 65.8 69.2
w/ KD 82.7 0.719 79.6 78.9 92.5 85.6 85.9 69.9 74.3

W RN EUE R S BUF A Fibs b R iR AR 45
< 6 HEEMRABS ARG AMER S B REELE
Tab. 6 Sleep staging performance comparison between direct knowledge distillation and ours

T3k Ace (%) K MF1 (%) Sens (%) Spec (%) Walke (%) Light (%) Deep (%) REM (%)
HAEEE 7.2 0.626 72.9 71.8 90.0 76.6 82.9 62.2 65.6
ATV 82.7 0.719 79.6 78.9 92.5 85.6 85.9 69.9 74.3

W RN BB R S BE O Fibs b R R A 45
7T BEEMIRABSHRAENFIRRER SRR
Tab. 7 Respiratory disorder detection performance comparison between direct knowledge distillation and ours
WiRrS Acc (%) K MF1 (%) Sens (%) Spec (%) N (%) A (%) H (%)
ELIEZR 78.1 0.500 62.1 68.1 88.7 81.8 70.7 51.9
AT5 82.7 0.593 68.2 75.2 91.6 85.3 78.1 62.3

T RN EE R R & B R br i LA R
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Tab. 8 Ablation results of the hierarchical supervision strategy

1145 JE Ace(%)  k MF1(%) Sens(%) Spec(%)

w/oHS 814 0.696 78.0 77.2 91.9
AR 2> 91
w/HS 827 0.719 79.6 78.9 92.5

w/o HS 804 0.553  66.0 73.4 90.6
B/
w/HS 827 0.593 682 75.2 91.6
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Tab. 9 Sleep staging performance comparison with different datasets

BAREAE Acce (%) K MF1 (%) Sens (%) Spec (%) Wake (%) Light (%) Deep (%) REM (%)
S1 82.7 0.719 79.6 78.9 92.5 85.6 85.9 69.9 74.3
S1&S2 81.9 0.705 78.7 78.0 92.1 83.5 85.6 69.3 73.6
S1&S2&M 82.4 0.714 79.4 79.0 92.4 84.6 85.4 70.8 75.0
e RN BB R RS TP R br b i LA 2R
10 FEIBURE TIFIRPEISE MM REELER
Tab. 10 Respiratory disorder detection performance comparison with different datasets
HIREHE Acc (%) K MF1 (%) Sens (%) Spec (%) N (%) A (%) H (%)
S1 82.7 0.593 68.2 75.2 91.6 85.3 78.1 62.3
S1&8S2 82.3 0.581 67.4 73.7 91.0 85.4 76.3 59.4
S1&S2&M 82.3 0.586 67.8 74.9 91.4 85.1 76.5 63.1

T RN EE R R & B R br i LA R
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Tab. 11 Performance comparison between single-task and multi-task learning

HEHR 43 11 S
i Ace (%) K MF1 (%)  Sens (%)  Spec (%)  Acc (%) K MF1 (%)  Sens (%)  Spec (%)
AT 5% 80.7 0.662 75.8 76.2 91.2 81.5 0.514 60.1 62.0 86.4
ZAE5S 82.7 0.719 79.6 78.9 92.5 82.7 0.593 68.2 75.2 91.6
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Fig. 7 Comparison of confusion matrices between single-task and multi-task learning



14

K AR (R D)

H15%

I3 9 5 BERRAH SC A S 5 00 . TPl AL 21
TRAERT ALY P BRI RZ0, 7R OR 7 FL A S0 00 1 B — 2
AT, AR FE T AR LB (w/o
Preprocessing) flK H i kb # 5% (w/ Prepro-
cessing) X HRSEES, 25 UK 147~ LI dh R
T, SIATARER S, HEEAR 2 B AT P B i A AT
W& WUF AR 445 20 B4R T Hordr, BERR
WUES I AccHT75.3% 3R T+ 4282.7%, WM B fig Al
55 H76.8% IR T+ %82.7%, [Ef K, MF1, SensAll
Specth ) R I —EdsE . 2 REH, KREAFR

*® 12 TR RS I RE

HIAE T PR EREAERP AT IR
HARR oY, 75 5 B 955 MERRR A A 7 3 IR A 2 )
PURFIL. JE BRI ERRE, AR RIS
Mg LU B v BN RAIE, AT AR T R TR R A 22
SIRIREM,  JFR T R 73 J R R e A I 11

w7
5.3 BIFEEHR S

N T 53 BT IR P AR Y R P e AR AR AR R 0 11
SO, AHIE T T AN EZ OC B I e A
e, HARZRINRISMEL6HTR . LR 4S5 KRR,

SEA!

Tab. 12 Effect of the transfer strategy on sleep staging performance

S Acc . MF1 Sens Spec Wake Light Deep REM

(%) (%) (%) (%) (%) (%) (%) (%)

w/o KD / w/o PT 75.2 0.575 68.2 64.7 88.3 73.5 87.3 57.3 40.6
w/ KD / w/o PT 73.7 0.576 69.1 69.2 89.0 71.0 78.8 59.6 67.4
w/o KD / w/ PT 80.1 0.674 76.4 75.2 91.3 80.8 85.1 65.8 69.2
w/ KD / w/ PT 82.7 0.719 79.6 78.9 92.5 85.6 85.9 69.9 74.3

e R BB R RS TP Or R b p i L4 2R

= 13 A SRR X AR RE RS 14 BE R ST
Tab. 13 Effect of the transfer strategy on respiratory disorder
detection performance

* 14 FAERIEHHMSERER
Tab. 14 Ablation results of the preprocessing pipeline

i Acc . MF1 Sens Spec N A H % Fik Acc MF1 Sens Spec
(%) ) (%) (R) (%) (%) (%) (%) %) (%) (%)
w/o KD / w/o PT 74.0 0.446 58.5 67.6 88.1 72.5 75.5 51.8 o w/o Preprocessing 75.3 0.583 68.8 66.3 88.7
w/ KD / w/o PT 824 0517 61.1 61.4 85.9 90.4 63.6 30.2 FER w/ Preprocessing 82.7 0.719 79.6 78.9 92.5
w/o KD / w/ PT 80.0 0.543 65.7 73.0 90.4 82.8 71.3 64.9 — w/o Preprocessing 76.8 0.478 60.9 66.8 87.7
w/ KD /w/PT 827 0.593 68.2 75.2 91.6 85.3 78.1 62.3 w/ Preprocessing 82.7 0.593 68.2 75.2 91.6
e R EUE R R & B IR bR P A R A R e RN EUE R S T TR bR T A R A R
= 15 BRI R BT REAR 5 A 1 ARSI
Tab. 15 Effect of temporal modeling depth on sleep staging performance
EH Acc (%) K MF1 (%) Sens (%) Spec (%) Wake (%) Light (%) Deep (%) REM (%)
1 80.0 0.670 75.9 74.5 91.1 82.4 85.1 65.8 64.8
2 80.7 0.688 774 77.1 91.7 83.9 83.8 71.0 69.6
4 82.7 0.719 79.6 78.9 92.5 85.6 85.9 69.9 74.3
6 82.4 0.713 79.3 78.6 92.3 83.8 86.0 69.2 75.4
e RN A SRR % DO 6 b b ) e 45
R 16 B FERERIITIRESENIE RERI
Tab. 16 Effect of temporal modeling depth on respiratory disorder detection performance
EH Acc (%) K MF1 (%) Sens (%) Spec (%) N (%) A (%) H (%)
1 82.4 0.578 66.9 72.8 90.9 86.2 71.5 60.7
2 84.0 0.606 68.6 73.8 91.3 87.8 74.8 58.8
4 82.7 0.593 68.2 75.2 91.6 85.3 78.1 62.3
6 81.9 0.579 67.5 74.6 91.3 84.7 75.7 63.4

T RN EE R R & B R br i LA R
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Tab. 17 Comparison of sleep staging performance across

different scenarios

= Acc MF1 Sens Spec Wake Light Deep REM
00 M €0 W 00 W VO N €0 I VO N 0 W 1)

Pt 81.3 0.667 757 753 91.2 787 86.0 655 70.9
)5 85.0 0.785 83.5 83.2 94.5 934 84.3 69.7 855

JE 85.1 0.783 84.1 833 942 95.0 86.3 75.6 76.2
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Fig. 8 Classification results of sleep-disordered breathing

severity based on AHI
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Tab. 18 Feature distribution discrepancy and representation similarity across different transfer stages
MMD § CKA
1155 EEG—Radar EEG—Resp Resp—~Radar EEG—Radar EEG—Resp Resp—Radar
MR 53 JH 0.419+0.041 0.32640.026 0.175+0.047 0.13440.059 0.2104-0.070 0.51940.079
R B i 0.346+0.017 0.285+0.012 0.1334:0.055 0.10540.050 0.168+0.034 0.40540.063
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Tab. 19 Computational cost of different models
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