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Abstract

Large-scale sleep models face challenges in deployment under resource-constrained environments
due to their high computational and storage costs, while lightweight models often suffer from lim-
ited feature representation capability. To address these issues, this paper proposes a knowledge

SEIERE

SCEG|I M EE BT R R e R IR 2 WIS ALRT FE ). TR SRR, 2026, 16(9): 74-84.
DOI: 10.12677/csa.2026.169290


https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2026.169290
https://doi.org/10.12677/csa.2026.169290
https://www.hanspub.org/

£t

distillation-based lightweight sleep staging method, which transfers knowledge from a large-scale
sleep model to a lightweight network. Specifically, SleepGPT is employed as the teacher model, and
the soft-label knowledge generated by the teacher model is transferred to the lightweight student
network SpectralContextSleepNet. By optimizing the student model with teacher-guided soft tar-
gets, the proposed method improves the sleep-stage discrimination capability of the light-weight
model while reducing model complexity. Experiments are conducted on the Sleep-EDF SC dataset to
evaluate the proposed method from both sleep staging performance and model complexity perspec-
tives. Experimental results demonstrate that the distilled lightweight student model achieves bet-
ter sleep staging performance than the directly trained lightweight model while significantly reduc-
ing computational and storage costs. The student model contains 1,048,725 parameters, achieving
approximately 130x parameter reduction compared with the teacher model, indicating the poten-
tial of knowledge distillation for lightweight migration of large-scale sleep models. The proposed
method enhances the classification capability of lightweight networks by leveraging soft-label
knowledge from large-scale sleep models, achieving a favorable balance between sleep staging per-
formance and computational efficiency. It provides a feasible approach for developing efficient and
lightweight automatic sleep staging models.
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Figure 1. Overall framework for lightweight sleep staging with
knowledge distillation
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Table 1. Architecture of SpectralContextSleepNet
%% 1. SpectralContextSleepNet Z5 1L &

bk TN Fic & B o
Convld: 8—64 (k31/s4), 64—128 (k15/s3), 128—256 (k9/s3),

ST 3k 2 R, B

Y ) 050 2 25 8 3000 256—256 (k5/s2,g4); BN + GELU; AvgPool 256

FFT Zh3%; 0.5~4. 4~8. 8~12. 12~16. 16~30 Hz;

34584 r : ;
RS 83000 LayerNorm; Linear 40—128; GELU; Dropout 0.1 128
RAERL & 256+ 128 AP 384

LSS 20 x 384 1 JZXH GRU, hidden = 160 20 x 320
3k 320 LayerNorm; Dropout 0.1; Linear 320—5 5
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Figure 2. Teacher-student knowledge distillation pipeline
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4.1 BERELEESXHEE

A K A TTHERREE 4 Sleep-EDF Sleep Cassette (SC) [20] [21HEAT LI 36 UE . ZBIEEM S 153 4
HN % T HEHR S I (Polysomnography, PSG) i 5%, /& H 2 HERR 7 AR 7t I AT IEERGR 42 . SEi0H%
HE bR HEREAR 7 BAME S50, W BRAR G FE R 20 i S (Wake) . AEPOE IR BN EEARET B N1, N2, N3 DU R
THHR B HEARE Bt (Rapid Eye Movement, REM) TLANB B, FFRH 30 s fENFEA P KEIT. SKIRIANE 5K
FEZ N 100 Hz, Z5d 48— Fiab 3 5 H TR 26 500

TIPRAEA [FI I 25 W 2 T8) PR 8 ~F BB, AR STl 5 2 AR 557 SpectralContextSleepNet [ W 4% 25 #4 Fl 4 A\
T, BRI Ghad B b i B 7 20 AR AR 4L 20 4> epoch AR bR SCE EHE NEAN, LA
] FH A I BRI B TB) BRI TR ARG 27, I HE T S BEERIR B BRI 45 2 . S23e v, SleepGPT [9]#iifsi A4
KHE € checkpoint, A TARMBITTNIE S, AS5SHHH.

ASCBCE =M AR 507 AT B CE R R H BSR4 I B I 2R 1) # A ARRL. KDOO0S 35
INZATRIRLEE B = 0.05 FIZETREAY, DIESCARBEIE N T BUNHNE o) KD020 2 2818 I
H =020 MZEREA, HT 0T AN EZ& R BEA R VERE 20 . [FI),  SleepGPT [9]ZUMAE AL/ E gk
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R K ] Accuracy. Macro-F1 Fll Cohen’s Kappa #HT AV, FFiE—54511 Wake. N1, N2,
N3 Al REM TLANHEARIT BEII 5028 F1AE, PAA AT B AN [R) B AR B BE 11 R 51 e

4.2. SEWERIHR

RS ATRZR T e BB AR - MR PR RE RS2, ASCEEEL T SleepGPT [9]%Uiifs AL SpectralCon-
textSleepNet K F 22 XU I ZR(CE) LA K AN [F] 28 TR EE T 2 AR ARSI 7 SR B o SEB 4 Rk 2 . Horr,
SleepGPT [912UMTHERLE AT RE 2%, CE. KDO005 A1 KD020 H5E T4 [F] 24 48 45 460, A0 2503 Il 40 e B¢
i

Table 2. Overall performance comparison

2. BMEREELE

i ZHE ACC/% Macro-F1/% Kappa/%
SleepGPT Teacher 137,180,170 77.34 63.12 67.06
SpectralContext CE 1,048,725 69.23 44.25 54.51

SpectralContext KD005 1,048,725 68.54 55.12 57.18
SpectralContext KD020 1,048,725 69.21 55.02 57.83

BH# 2 AT, SleepGPT [91ZUMBL A HNAS [ H0m AR E R, AT 7 RS T SR 2R A it 1) B IR A
SRNAEST . SR SRR EIZRE) CE BAUAHEL, KDO005 7£ Accuracy JE AR FEFRE MG OL T,
Macro-F1 $&5 10.87 N H 73 2%, Kappa H 54.51%3& T+ % 57.18%. 45 FFR B, M A 5t (1 B HiiE 2
REAS D 78 R IH] ¢ RV, i 22 AR R RAG S I3 AT 1) 4 S8R JT o 0T HERR 43 AT 25 TR AR AE I SR AN YY)
A B ods FASRN ) R, R0V 28 U R 35 B A A R 0 A [) e R e B T ) ) R

B0 A R 28 TR FE T DUR IR, B s 28 TR I A R R4S i . KD020 ALY Accuracy A
69.21%, 5 CE BRI A—F, Hr Macro-F1 4 55.02%, BEMIKT KDOOS BB 55.12%. %45 R UL,
TE AT S A B B IR T, BRI BUMAROR e — DR TP RERE, TR A5 1 28 70 B e
S 7E FLIARBEAE B 5 B TINAE S22 8] HAS S 4 11

Zr b, SCEREE K], BT logit MIENIRZL IR AR A SE T 42 B MRAR /M SRR AL IR 2R A e ) . AR A
PR RARVE BRI T A ZOMAR A, (RIS 5] AZUM TS )., SpectralContextSleepNet 7£ /NS4 kN
R IRTF 7 AL Macro-F1 #ll Kappa I, & BRI R IR ASE 28 61 i1 ) 0 B X 46 078 B — 8 A A

4.3. FEIKEERI S TR REZE L o4

R34 T CE 5 KD005 #RLAEAF fold T AIPERELLERA AL, Fl T 70 M AR AR R R AE AN [7) et &)
7 R

Table 3. Cross-fold results of CE and KD005
5% 3. CE 5 KD005 BB

Fold CEACC/% CE Macro-F1/% CE Kappa/% KD005 ACC/% KDO005 Macro-F1/%  KDO005 Kappa/%

Fold0 69.23 44.25 54.51 68.54 55.12 57.18
Foldl 63.41 53.54 51.84 65.49 57.20 54.65
Fi 66.32 48.90 53.17 67.01 56.16 55.92
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BN T, SIANBINFINE BfE, BE A BRI R — € W20 4 B 5 71 e s s

BB AT AN EHR R R AT DUR I, SR Z TR K B ER RIAE Macro-F1 S50 48 45 1,
1M Accuracy AZ AR A B o XX 50 B Z8 T I R8I A 1T b v 2 ORI RE A (R T30 s, T 2 01 FH 80 1
IR KRG, (RS S B IPIg 2R R, I eSest AN [ BRI B 2 8] BRI 11

TEER MR, AR fold Z [MAIFE—EMEREM 3. #lhn, KD00S £ Fold0 H (1] Macro-F1 $&FH1i &
=T Foldl, 5 BHEE R 0 2 Al 2= 2 ma Z& e« [RIRE, BT 20m B A I 2R s 5 30 9l 52 i A7 A
H, TR EH TR F B SRR &S, AREVE M LIz A 1 REIRHIE .

SRS, BE4ras RERW], KD005 EA R 70 T B 0RFE 1A — Bt ae g & s, IR
H logit Z& RN T BEIR 7> WIS FAT — @ R 18

4.4. XFMEESRABERES

SRV SRR A LU ORI 2 [ AR B 2 5%, Rl — 25 43 7 4% TR £ T SRR B L
SyHPERE. 4451 T CE. KDO005 Hl KD020 #RU/E A FIRERR I B b 1 F1-score 45 5.

Table 4. Class-wise F1 scores on the test sets (%)

4. ZLIGMIREZF F1 (%)

Fold WAR/A Wake N1 N2 N3 REM
Foldo Teacher 90.85 22.54 81.52 63.70 56.99
Fold0 CE 87.56 6.26 73.23 12.69 41.53
Foldo KD005 90.48 21.56 64.26 32.45 66.87
Fold0 KDO020 91.09 18.22 65.03 33.24 67.51
Foldl CE 83.93 21.59 65.92 44.04 52.20
Foldl KDO005 91.66 28.10 56.27 36.99 72.99

H2E 4 ATRD, IR R VR RE AR A IR AR T A BENRBY BRI 3R T, 1 3 S ILAE 8 73 i Bk g
1o o BEMIRIRZR IR T AR B T B T o0 A, AR R FAR 136 2 B I P i 1, 4T
TR R B iR g

Fold0 Confusion Matrix Comparison
SpectralContext CE SpectralContext KD005

. 1.0
7119 20 447 0 1015 7646 70 95 112 678
Wake 02% 52% 0.0% 11.8% Wake 0.8% 11% 13% 7.9%

488 69
N1 233% 3.3%

1 N1 582 277 485 261 493
0.0% 18.1% 27.7% 13.2% 23.1% 12.4% 23.5%

18

4 541 138
N2 07% 03%

7.8% 2.0%

59 119
N27  oo% 17%

True stage
True stage
Row-normalized proportion

105

[ 2 1 [
N3 4 0.0% 0.0% 10.4% 02% N34 0.1% 0.0%

7 1 2 996 b 6 162
REM 7 o3% 0.0% 01% 44.0% REM T o359 0.3% 71% 11.0% 00
Wake N1 N2 N3 REM Wake N1 N2 N3 REM
Predicted stage Predicted stage

Figure 3. Normalized confusion matrices of CE and KDO005 on Fold0
3. Fold0 /1 CE 5 KD005 Hy)3— IR B ERE

DOI: 10.12677/csa.2026.169290 81 TFEARY 5N H


https://doi.org/10.12677/csa.2026.169290

VRS

kBT TR AR Ak, 14 3 JEaR T CE A KD005 BLRLZE FoldO MIRAE b i VH — 1L IR B H I o
ATLAALER S, CE BAUE/ERIA R BORIE I AR, b N1 1 REM FEARHAS RTINS N2, i
REM Bt BOFER 2 1] N2 ISR EE RS . IINENRZEIR S, KDO00S FEAK 1640 28 m) N2 i BL A iR 3R 4,
$2im 1 N1 AT REM BB IERR R LL ], 150 B BOm 05 S A B T 5 e A 7R 1 18 ) Tt~ 467

HE—P L KD005 5 KD020 nf LUK I, $2 i 28 TR AR R T A B B R 242 7. KD020 FAR
TEH 7 M B T KD00S, {H N1 BBl e /7 N R, 1 BH R I8 29 3 Le 51 9 A Be AR UE BT A 2851 3Rk 45
AL B

BRI S, FRIVERE TR, RN ZR IR AR BB T A AR P B2 28 PERE, IR 7E TR R AR
FEIEAR R IL T, oot 2 TR ERY B A R B0, T2t Macro-F1 #4542 7t .

4.5. HEERESMBREHRDR S

N HE— 3B 7 T FIR A& VRS S BRI A AR, KEAR AR epoch FUSIEARE e A2 AR LI ZZAL PR epoch
JE SUNBY BUFAIA T, I SR8 E XBUIAT BB, S5 R InE 5 .

Table 5. Error rates at stage-transition boundaries and stable segments (%)

5. MERFERL R SREXREIRE (%)

Fold A Fel il iR e X B iR R
Fold0 CE 59.31 25.89
Fold0 KD005 58.18 26.93
Fold1 CE 56.89 32.94
Fold1 KD005 56.58 30.56

HI4C 5 TR, B B By S i R AR R R T AR E X Bte KDO0OS 78 PS5t Sl 7 vh 2 B T FEAIG 173
FATIRE, HEGEIREA M. SRS, AR 2R T R R S B4, BeE T N1 A
REM 45 &5 73 PR ERT BRG], H N2 5 N3 2Z 8] (IR IE DL B B 4 il 1 ATy SR AFAE
4.6. REIERE 54T

AR RS FRASE R T B30 B A 2 5% M BE HIR 70 BAASS B Sz B FH IR B B2 RV 3R . i e e 2 AR R I S R P AR 35
AT SleepGPT [912Ufi#5 A 55 SpectralContext 2= EAE RIS . 766 T R AT FH &

Table 6. Complexity of teacher and student models
Fo. BINSFERBSRE

Y ¥ FP32 f#{i#/MiB FLOPs/G
SleepGPT Teacher 137,180,170 523.30 323.89
SpectralContext Student 1,048,725 4.01 2.87

H# 6 740, SpectralContext 22 BRI BHELIN 1.05M, HIEL SleepGPT [9]#Uif A FAAK4) 130.81
fi5. [FIEF, 5% FP32 f7it 7R 523.30 MiB [#{K% 4.01 MiB, 115 & 323.89 GFLOPs [#{k% 2.87
GFLOPs.

WK 4 FoR, BORER S AR SHONEE, R ERAGET R EER., t—P8s
RISCEE BT LR EL, CE 5 KD005 K FHAH R A gk, (Rt — 38 B AR RS &2 2 B2, 1T KDOOS @
I BN TS B3RS = Macro-F1, 1t BV AE 2038 I 3E K 1 R 7R R0

DOI: 10.12677/csa.2026.169290 82 TFEARY 5N H


https://doi.org/10.12677/csa.2026.169290

Tt

BRI S, BAE M £V, SpectralContext A= MR AE (R FF 4T BEAR /3 SAPEBE A RIS, SEIL T4
130 1% 2805 40 A0 I8 35 11 A BRAR, 0 B 0 R 281 A8 A RS Fr AR R R B 7R ) 4 B AT 4%

Model Complexity Comparison (log scale)

Parameters FLOPs (GFLOPs) FP32 state size (MiB)
89 523730

7-I8M
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1024

107 4

101 4
101 4
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State size denotes theoretical state_dict tensor storage; FLOPs are approximate for one 20-epoch context window.

Figure 4. Complexity comparison between the SleepGPT teacher and SpectralContext student
4. SleepGPT i 5 SpectralContext 4 S ZLE XFEL

4.7. ¥Hg
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AR AR E v S AL RE .

5. &g
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ARSI A2 2% L 1) ) I R FP BRI 70 I RE 0o SEIRAE SRR, TR AR TR I R A 22 A B RUAR bL BB I R 10
AR BAT H A IR 7 R e, RIS 2 28 PRARAR R S RORAE AT T8 - A SO FUIRAIE 1 RiR 281
FERERR 7 W AR R AR h BT 70, VM i ARTHSITAH ) B SRR 7 IR 4R I | 2%
Je B TARRE E— S AE ™ b 32 i e 125 10 et O B 22 s B 2k A R IRIERR R iz AL e 77, JFIRZE I
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