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Abstract
To address the difficulty of lightweight single-epoch sleep staging in fully exploiting cross-epoch
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historical information and the reliance of some sequence-based models on future context during
continuous prediction, a lightweight sleep staging method based on causal historical context,
termed MSA-TC-Lite, is proposed. The method freezes the local feature encoding pathway of MSA-
CNN small and constructs a unidirectional historical window consisting of the current epoch and
the preceding nine epochs. A lightweight temporal module is then used to model dependencies
across historical representations. During continuous inference, previously computed historical fea-
tures are cached to avoid repeated encoding. Subject-wise ten-fold cross-validation was conducted
on Sleep-EDF-20. On 41,957 test epochs with complete historical context, MSA-TC-Lite achieved an
Accuracy of 83.89% and a Macro-F1 of 78.15%, outperforming MSA-CNN small by 2.18 and 4.77 per-
centage points, respectively. The F1 scores of N1 and REM increased by 14.88 and 6.50 percentage
points. The No-History control and historical-context perturbation analyses further showed that the
performance improvement was consistently associated with the use of real historical content and
its temporal arrangement. Cached continuous inference reduced the steady-state computational
cost from 12.164 M MACs to 1.319 M MACs. These results indicate that MSA-TC-Lite improves light-
weight sleep staging without using future information while reducing redundant computation dur-
ing continuous inference.
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R 73 H A2 P RIR 225 ) o A ) EEL LRt B A2 A4 22 3 BEEAR i I (Polysomnography, PSG)E 5 14 1 48
HEAR L A5 I 7 Joi I A (Wake) . N1, N2, N3 AP R S EIR I(REM) SR B 4% s N BEIRAISERNI 1],
N THERR 7> BAE % LA 30s Fr BAE ABEA AT, H& kN 572 255 i Hi (Electroencephalogram, EEG). AR HLAH
WSS 5 e o B Al . SR, AN TR BERERT K, IF X258 B AR S Omt . B A T i
AR S 25 1 e DA B R FE 25 SRR (R L FH [ 2], 8 T4 22 I 8% 1Y) ) 3 IR 23 H3 7 Y 3 13 B A9 8 v R HIR
I8 70 A B3R ) BRI F T 1)

EEG 155 Ae % B 1 S W B ARGE 2 A iR o b s sh A8 4k, BRI BE T HUIBTE EEG 1 H B REAR 73 S 52 310
ZRIE. FHNRE S 2 7E T ER B IRM A MN 2% 5 35 2] e IR AR, JRb N DR RO iR . B
G, WHEd— P Ed R EMN LS 2 RS RURIE & AL T A R A R s Be . 9l
TinySleepNet [4]. DeepSleepNet-Lite [5]%5 J7 72 M A Y AR AN oH B 80 26/ FE IR R R S AL AR 0 1
SleepSatelightFTC [6]#1 EfficientSleepNet [ 7] — 4L 4L [ [fj 7] §181E EEG R 2T M), 117 MSA-
CNNI[8IF|H 2 REEER 573 = AU HI A F R BERFERIARE 1. RIR T REE A 20F F 584 30s
BRI REAE S, (H T HEEIR M B R A B R R (R SR, AU 2 5 A B nT B DA 20 1 FHAH S8 Bt
Z A B R B

TRAN R B AR B B (s BRI T AN S, AW AU BT R 2 B e 2 7 B e
DeepSleepNet [9]F!] FH 555 W 28 15 X0 [m) 5 34 45 R Bk A 2 S JRy SR AL B B[R] B P 9< &, SeqSleepNet [10]33F
— 5 R P B 3 7 S HE SR T SRR AR BOdt AT IS 228,  L-SeqSleepNet [11]1MI44 ARG 4 e 2 K1
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HEAR 741 . 141, Chambon [12]55 1 51 N H ¥R Be R0 (I [A] B SO B B o B T = L
K&, AttnSleep [13PKHER J145 0 N H T 5018 EEG BEAR /- ; Transformer [ 1432 H 1) B i ZALH K
A B 7 A AR RS R AR R T R 45 M BEA,  SleepTransformer [15]3F— 5K HH T B ahlEAR > . T4EkK,
TransSleep [16]. Parallel Frequency-Cut Attention [17]#1 FlexSleepTransformer [ 18] %A M B 42 . B
BE R RIEMANSEAEY R T LN U@ . X AR, P B A I TS SR e
IR BRI kb 78 . SRTT, I PSRN AR AE PR AMEAR I — B A i . — D71, 50 7%
[ B AR Bear 5 1 B R SUE R, G T e BRI SR B ZR 2 M, T 7 42 L B () U 3 47 i 44
TRINET, Ak BAE AR ZIHA TR/ A—J7 T, A I8 R B Ok = SR B B 2% Fi i 5
TERLEE, ATREERUA BT S P s BRI A B S, A DL — 2 X A MERR AR A0 R B BT IS IR e 45 4 30
s BTG EA L.

BEXT IR A, AR SOOI B AR A R ) s R SO A IR, B AR T R R ER
S B BRI 43 31 )77 MSA-TC-Lite. %7772 A MSA-CNN small JJyJERl, ¥ J i R AE S5 I 50 56 &
BT AR H B HRERMMIL IR BN RN, R ZE S B F IR A] i
JFRG R BH 2 B UG RT 9 AN A B ) BR R 1, B R R PR ) B B R . SRS
RHRAT B BIA) bR SCOTVEAR, A SO EAASE 2407 S 7 58 BedbA7 T, AT 36 e o2 88 B iR 1 5
(RIS TB) 77 1) £ R

WeAh, it — o b P A5 BB B ) SEPRoTR, AL TS MSA-TC-Lite 4584 FI 2 B0 —
F ) No-History X REAEAL, it #25R B Sk Py A5 BB GO I P 4 AR S HIPEH . RN 456 P st WA &
AN SR AN S, AT LR B SEAE B L A HE S U . fEIE SRR SN, AP
BT RRFEZ A AL, DOMHT 28 7 B TR tS, JFERH A SRR, LRI 3 % o) it
B EEE,

AL FELETAFWN T

(1) $EH ML TR 5L B R S = 4R 4 #1771 MSA-TC-Lite, 74 45 R i RFIE S U AR 1Y
Bt g N s v B AR 7, R G A SR AT S AR 1Y) [R] I 38 i AR TR 0 B S BRI R

(2) it No-History YIZRZE LA Py st BN SCHRANSEEe,  fEF Ml 0 45 0 72 S IR 2% A1 R i B8
J3 5245 0T BEERR B B T i o ik -

(3) FFAELEMEIR I SRAEF S R B R SR R, 5N D7 SRR SR AE SR, I RS 53 % B RN 3
AR FE A3 BT TR T AR

2. MSA-TC-Lite F53%
2.1. B ffiELE

ONAE R B MR 73 IR v 5| S Fr BUZ R P SEMRBOR &, AR SCER Y MSA-TC-Lite, SR,
T 1 FoR . R DGESERIA N $IETE EEG Jr BOWHI, R85 BUR AR LR U 5 B Fr g it
ATAEAR, BRI HRTREE R iR a5 DRIR T S B 1 A B P = A 1 B A A

X 4ET EEG F B o JaR AR 251K MSA-CNN small 53 4n i ik A0 I 32 4 Fy BLJURRIE . Bt ik
HRAC AL RPN, 2 T4 AES LR 9 A D0 s BURHIESE FIZH R 200 10 B0 s 8 1, b ey
BT Z) R 2B DA NE S, AMEREMRR A B B, D0 SR 7 S N R I A sk AT
5y BORREAE, IR AT BOW R Wake. N1, N2, N3 80 REM WrB. 4 MTEIR R & RHER
ANRESTIIHERS b, A 2 AR E BRI RE S 45 & D2 A AR I BRI A AL AR 2
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Figure 1. Overall architecture of MSA-TC-Lite
& 1. MSA-TC-Lite 8! B FHESR

2.2, FE REBFHERTD

Wik 1 AMFTR, MSA-TC-Lite 1 XA 30s EEG H BGEAT ST R gwtid . ASCE ] MSA-CNN
small HF [ EAFEFE IR A2, R 2 FUEER . 2RISR IO B & NPk, 78 D7 50 PRl
SRk PR [ 8 % S8 XA DUREE O 2% ST M3 BURHIER R, [R] I8k G 3t 1) sk g 450 A o5 2 i
A R g e

Wi A~ EEG WO x, , VRES RIS 1C N EC) , MIHF BRE R A:

z, =E(x),z, e R?, (1)

Horb, z, N2400 EEG Fr BOW R 32 4ERHIER N . X TSR IO S A [F) v B, 348 6] — R 45 2
R € RF MR SRS ,  AATTAS SI42% JE R (BN HES 1) Fr BRURF AL 7 1, %R 45 R R gl it A 5 5680 2
H i 32 4E R BEROR
23. ARASEETXEE

FAN 30s EEG F Bt 32 SR 2 i R AR AN r e o, T S S MR AL 2 v AR S i B 2 )3 LA W X I [)
KR Bk, 7E3RTS H BEER G, MSA-TC-Lite k4% BN T 4LZ0 SRR AE . A 35000
R Py SL T A ERE N 10, DAAE ST KIS I S A5 2 00 [ I 42 i PP R e i o SR . ik — 2B IR 1% 5
B, ST SR E PR LK 5. 10 15 R 20 MBUB T, LA F P sEyE R )

I RE ST S RRA
T HARE 2 ¢, R SATRAE z, 5 ERT 9 D7 SRFAE IR R BRAC RE D 10 F 17 S i 11 -

H’ :[21*9921—89“"%—19Zt],H, e R @

Hp, oz, AT E ORS, R SGaifRrmi R B & DR AEAE ¢ B 202 5 RRRAE, R AR 7 TR0 24 11
B B I UfSE F 3R AR ) D0 5B IS o AR STORE X P 2 51 [ B TR0 S 20 SR A i N 7 =R A R SR i s B s
KL PRI FRoR 5 AR Py 50 30 170 iR 77 {5, AN R et = S R DR R
P SRARFAE 1 S 2 I RHIE B . Layer Normalization A1 PReLU 7%, JE M0 € IE5Z 0 B 4t . Bl )5,
KH 2 Transformer HHATE5 Fr BEOOC R, HAEETLBOREN 4, FITINA4ER N 64, dropout 4
0.1. Transformer ¥ tH & VER MRS & N gRoR, Ik — 2 58 e A BERR B Be 7t -
p= softmax(G(Ht )),pt eR? 3)
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Heh, G() FonBERFEEE /SR, p, A Wake. N1, N2, N3 I REM ./ REHR Y B I T30 Mk 26 .

2.4. BEENESMHE

1 &R 72 MSA-TC-Lite 7EELEHEAR Bt F AR A B FE . BT AHAR P sk % B BOR I RFE
HE, YR 2SR 10, FEOHROH 9N BRHET T EEEE A Bk, RS AR
G R T RS E B 1) 10 4~ EEG Bt

TR B x,, BIA SR, DUBI RS R i e v AL 2, IR E O Rl 2, RE
HAR 9 AP, JREE .

H, = [Zt—S’Zt—77'”’Zt7Zt+l] @

BB ) S 1 kS A 7] (0 B PP AR S 1 ¢+ 1IN Z OB BT o G2 A LA AN X3 A 2R £
By NS SOy St AR, Tl B2 A vk 5500 I3 SRR D/ 2 i 11 o ) AR R A A A, DT B 4%
IS R AT 1 3 8 R AR 7030

3. SCENgIt
3.1. BIEESWMAE

ACKF PhysioNet & Afi [f] Sleep-EDF Database Expanded v1.0.0 [19]74 1] Sleep Cassette £#i& (201317
SERGy, 1EHUR T Sleep-EDF-20 B E I 20 4452, L0 39 FBERMEIRIC K. S0 ] HiliE Fpz-
CzEEG 55, KHFEFN 100Hz, LI 30s 170 A HAESHEIR B &7 B 3000 ASRFE A

JRUGHENREY B Rechtschaffen and Kales (R&K)ARE[2 1 [HEATFRIE . A SCHARZE S — WL A Wake.
N1. N2. N3 £l REM AN BE, o Stage 3 #1 Stage 4 4314 N3, Unknown Al Movement } EEAS 5
NGRS VPO o il R0 58 R A (R BE v B Ut 2o fm i}, DURE ke b i MR AN E Wake v
BONIAT, EHATE 2 HIRE A 30 min i Wake FrBt. EEG 155 K 4 B Butterworth fi i@ JEJ 2%
BEATACTE, #IESEA 40 Hz, JERAZFHAIERETT: BRI NGRS AT ML I S A bRAE AL B

e RIS, JEERAT 42,308 ME R EEG v Bt. HI T MSA-TC-Lite 75 % i1 2410 B A JLRT 9 4
P sEF BOR RO 10 DTSR 1, BRIRESRD s TR 9 AN BOH T D5 B ERR R, 39 kid It d
351 MR B HAR 41,957 MBI HA SRR BRI FRER 3 BRI AR EL A I ECR PPN A
Ao [ SR TUNAE [F]— Sk BEHR IC S 9 s, B sEHz.

3.2. NEEMRGEE

SEEBG R FH ] 58 15230 RT3 X AE,  PAORAIE [R]— 52183 1) A S0 MR AR 10 S R 2847 T [R) — I SR R B
MR XT3, BHRUEHZITIZRS2 5 )2k MSA-CNN small, [ /5 $& UGS B (1) %2 & =) 3 2
B A% I [ 2 He s 8, AEARIRINZE R 2 _EIIZE MSA-TC-Lite (I AR . A RS X8 UEHT 2 18] A 4t 52 A
S, WAMEH 2R E NSRS — DS

PRI R A Adam A0 33 R0 2 53 K48 U #5 2k . MSA-CNN small 1% 2] KN 0.001, HEE
N 1x107 ; MSA-TC-Lite B PR 2 S RN 1x107, AUE A 13107« batch size 3584 64,
SR A AR 5 ST SR B R LS s, A AR FH 25 100 4 epoch IS EGIAT IR, AT AR
PrZrbhisl—2.

NIX oy BT SR AT B S I P S R SR BE R, AR S B No-History VISR . A5 A
5 MSA-TC-Lite R HAH R A 45 R il it 2% . I e g iy SN ZRpinisl, (RAENIZRAnET B LL 24 1
HPRRHER E R A By s i H, B
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N :[Zt,Zt,"',Zt]eR]OXSZ (5)

t

IR E, AR CRIFI PP B S R S HOMB — B 2640, X B B s s A5 By SR 1 B 4
Ao

7 No-History X {2 41, ASCik— 5 6 I 4558 1) MSA-TC-Lite ¥ &M 77 52 R SCHsh 73 bt o
Current-epoch repetition 25444 M ATRFE R 2 % 455 10 M E; Historical-order shuffling 25 {4-{# &4 Hif
9 ANy SEAFAE AT PN 2, AR SO LB TRIHESIGT , (Rl ORAF 2 1 HARRRIES T 5 O R . R PLass A 58
WIZRAEAY,  FH T4 BT A AR X6 [ S PR 25 B JFG I T IRy £ i N\ U A

FVE ESEHEBE AR TR, 3P ST I 2 5 25 & | iz H 2 (MACs) L batch
size A 1 ) CPU Al GPU #EFEZEIR . Hrfr CPU MR A HL 24T, GPU MIHATE RTX 5090 |58 1L
TR Fp A NS TS N, AN ST A w R A AN R SO SE A TRUAL B ]

T DK BEBURPES T, L =5, 15, 20 755 38 XIS UEST A BT I 2500 BRI A2 I P ik, L =
10 R IR E s ARG DK Z AR ER RS R it g . AR5 KIS S 50— 50

B A7 AR R PEIUE GPU IR R [FRP GBI R, #—0RH PyTorch Profiler %} RTX
5090 batch size A 1 244 T 1) GPU $AT IS FEHATHERESINT, /0BT ) it 2847 508 P A . CUDA
kernel & FEHL - B & B E T4 -

3.3. W EIRS S

AR Accuracy. Macro-F1. Balanced Accuracy i1 Cohen’s kappa A5 7 ) 5 A BE AR 7 HATE e
Horr, Accuracy BRI IERGAH; Macro-F1 X TLANHEARKY B F1 EBHTEACES, TIN5
AN AF T IS5 IR AE /1; Balanced Accuracy [ #2555 44 [F1 R 1) °F- 327K ~F;  Cohen’s kappa F T-1F
P FIE 285 SR 5 LSRR IE BN — SO IS AR — SRR L . 4, 2353k Wake. N1, N2, N3 fil REM
FA AR B 1920 F1AE, PAS B A0 AN [ B TR ) 22 57

THMARTE G, SRS S T B ARG bR, JROREA BT A R T o B R RE ) — 2
Yo HE—25 000 LA AT R 5 BR A ALEEAT 10,000 IRECX 582K Bootstrap, F2R M H /0%t
SRR RE 22 5 1) 95% B AS X [H] .

4. KBERS5
4.1. BiESRAMEEE

VT AL s BT SO AT AR 43 S BE ) S PR, AR SCAE B 58 8 s s B A B b
Xt B B3k 2k MSA-CNN small 5 Fr# H (1) MSA-TC-Lite #4741 — b4, # &3] MSA-TC-Lite 7525 47i
B ECHT 9 AN s i B L R A FE A 10 BN T 1, DR AN B B8 T R e B 07 58 B S 41,957
AR BAE N BCO PPN AR AS o PRSI AR SR AR [R] 1 52 380 2 il R 43 FRAEXRT R B k5
Accuracy. Macro-F1. Balanced Accuracy F1 Cohen’s kappa, VAR fE 25 53 5 B s W g s bR Sy
KR, SRy B Rk 1 s

Table 1. Overall performance comparison between MSA-CNN small and MSA-TC-Lite
% 1. MSA-CNN small 5 MSA-TC-Lite 2R EELLES

it Accuracy/% Macro-F1/% Balanced Accuracy/% Kappa
MSA-CNN small 81.70 73.38 73.40 0.7477
MSA-TC-Lite 83.89 78.15 78.22 0.7785
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7 1 /T W, 5 MSA-CNN small #iEt, MSA-TC-Lite /] Accuracy Hi 81.70%#2 5 % 83.89%, Macro-
F1 1 Balanced Accuracy 737l 1 73.38%7#1 73.40%%2 5 %% 78.15%7F1 78.22%, Cohen’s kappa Hi 0.7477 #& 5
22 0.7785 . H:#F Macro-F1 f1 Balanced Accuracy 73 33 F+ 4.77 A1 4.82 A~ E 43 &, HEME W B & F 24& Accuracy,
YHAGIA P ERE, ABRRERREEAAR 7 S REAR T A RINE, X AN [F]HERRERI B ¥R il SE I 2535

MSA-TC-Lite ff] Macro-F1 Al Balanced Accuracy fE4=# 10 MR FTHHm T34k, Accuracy
Cohen’s kappa W 7E 9 MK HT H R EE A S2iHE BN EEFE Bootstrap FT 73 DY a5 22 57 1 95% B 15
X [a)3467F 0 LA L, Accuracy Al Macro-F1 #4251 95% B 15 X [8] 43 7 4[1.12, 3.171F1[3.46, 6.18]11~ 1 43 5415
WRER I FRIFEAF R AT 0 LR XA
4.2. TEIRERMEIRAISER

SATFN TR AR AR08 S BB R AE 2 R A B EREPERE, (B FIBEIREY B S SHRMIE . FEASE
FAAHEFEAAAEZE S, DR AR e A4 s X DA BRI P i e 2 SR U TR el . Syt — 2B 2 i s
BRSO S BRI RE IR, ARSI SE T MSA-CNN small 5 MSA-TC-Lite 7 Wake. N1, N2,
N3 #l REM FiAMEAREY Bt ERIZE5] F1AE, FEHCEAFERY BRI vE RS AR A o & BRI B A BoAde 4 S
K2R,

Table 2. F1-score comparison across different sleep stages

R 2. TEHEARMER FI1 EELE

MERR B BX MSA-CNN small/% MSA-TC-Lite/%
Wake 88.73 89.36
N1 29.07 43.95
N2 86.94 87.89
N3 87.02 87.88
REM 75.15 81.65

i 72 2 A7 WL, MSA-TC-Lite 7£ FLAMERRI B BRI F1 A& T 808 BUR LR, (H R )2 50 0 o 38 s i A7
R ZER. Hrh, N1 FL H29.07% 52 43.95%, $27F 14.88 N2 A, 2 LB B 38 ig 5 K )
255]; REM ] F1 /1 75.15%$2 % 81.65%, Tt 6.50 NN 45 5. Wake. N2 Fl N3 [FHETHiE B A0 %45
/N,

IX—EE Y, s R SCR R I PE RS R 3 BRBILAE N1 I REM 52851, AN @& XF B B4
FATFIFERE AR o JE IS T HE LR AR AR BE ST 5510 N1, 454 D7 s A BUARRAE P BT 35 O i P Ak (s 2 S
P37 HEI R R MGE, X2 Macro-F1 $2 IR FE 5 T2 4K Accuracy [ E R 2 —.

T D WA [RI AR L AE A BRI B2 (8] B AR 1B O, [ 2 45 T 41,957 AP A& B ik
F B ERAT IH— IRV FERE . BRI TN B, RN S B AR B, AT I BUE R R 0T B
LS4 TR A 5 B B LA

M 2 Arelist—25E 3], MSA-TC-Lite % N1 HJIERfIRAI LB MSA-CNN small [ 25.1%$¢ 5 %
47.4%, [FIINF N1 #E1R309 REM B LGB 33.6% T FE 2 11.8%, FKHI 5L BN SCEBE B 0 o 3s 1 B i Y
7E N1 _FEZURIEZ . N2 Al REM (1 IEAf R B LB 43 3 B 87.1%H11 77.8% 25 4 88.4% 1 78.9%.
X T Wake #1 N3, PRSI OREE T s 0 RAIKSF,  Horh N3 R M 26 A 0] Ee il g A 81k, (RS
Fl SRR E . 4547 2 WTLLEH, 289 F1 FRIE M FEFTA345 B B A B i — 50, #E—b Ui
R AP REAR o B35 N1 M2 REM 28R BOR I B 1 B 5 .
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Figure 2. Normalized confusion matrices of MSA-CNN small and MSA-TC-Lite
2. MSA-CNN small 5 MSA-TC-Lite #J)3— R iEFEF

4.3. A ETFXAER S

AR 45 B 9% U0 B MSA-TC-Lite 752 7RV REANET 2 BEAR P BE B T30 7 Be ARk, (HBIAYAE 5] N LK
D3 A5 B TR, B3I T BT R R AR A A . R, AN EE S MSA-CNN small 5 MSA-TC-Lite i/~ 2 LA
X 431t B AR A 2 R BN PP AR AR 5, 3Bk B SEAFAE B B 0B B o BT IX — IR, AR STk — 28 Al
SRgnr FRANMA 4 NSRS A A FE R IF 40 A, DA SR s [y st A 25 B L I 11 HE A7 AE AR A Tl v () 4

4.3.1. No-History XJB8SCIS

RAEE R IG IS 225 K R0 2 B AT ety R I B2, A SR No-History YIZRGUN FRALAL . 48 5
MSA-TC-Lite K AR RS R B gmid s . NP BI A v SEOBAII L, ME—ZRAET
IR M AR b 2 AN N LS ) SEARAE T 2K 0 H AR BO MR IE R 2K 10 M . @l rE
TR TR 25 RE J AR — B 2 A T S 7 S5 BRI, AT DL — 30 LU AR LS ) S8 b SCMERT T3 1 B 7 25 A AR
B TR AL EINE . MSA-CNN small. No-History 1 MSA-TC-Lite [ S &M fE LB 3 Fiaw.

Table 3. Performance comparison in the No-History control experiment
%% 3. No-History Xt BBSZES M RELL 5

R Bl Accuracy/% Macro-F1/% Balanced Accuracy/% Kappa
MSA-CNN small — 81.70 73.38 73.40 0.7477
No-History X 81.11 72.42 72.29 0.7389
MSA-TC-Lite v 83.89 78.15 78.22 0.7785

tH%% 3 °] ., No-History 7€ Accuracy. Macro-F1. Balanced Accuracy 1 Cohen’s kappa P35 #5 b5 _I- 15
AHid MSA-CNN small, Ui BI7ESA FLSLH7 LR RSO T, ASGI0AH [F (0 7 4584 3 AR 3R 155 MSA-
TC-Lite #H R[4 fE 43 . 5 No-History #H L, MSA-TC-Lite [1J Accuracy. Macro-F1 1 Balanced Accuracy
Sy AI4ETE 2,78, 5.73 A1 5.93 ANE 4 s, Cohen’s kappa #2751 0.0396, F HIUMiHaAR7E 45 10 AT 4T
YIRIEMAR . PRSI, TECRRER 785 M ZRbisl — 346 HF R, LS s N BB 6% 0 2 iy HEE
BB B A SR AR ME

DOI: 10.12677/csa.2026.169284 8 TFEARY 5N H


https://doi.org/10.12677/csa.2026.169284

At

4.3.2. AsE ETXHENSHT

No-History =256 3= B MYIZR)Z 451 18 I 3 25/ s, R 2 Bl — P B O A 2R 58 i
) MSA-TC-Lite & 75%F [ 52 T [ H (1) B A 9 25 S FL TR HES B Ukt . ik, ASCIREFBE R S 8050 4
AR, AAETRBY B AR by s i D A, Hd, Current-epoch repetition 2528 LA 24 /i H ARHFFAE & AC &
C s E, BT HI55 B 92 s N %% Historical-order shuffling WA B JE A 7 A IEAE &, (HECRR AT
9 APy SRR (RIS RIS, RIS PR 3R 24 BT H bRRHIEA, T8 O R @i 554607 58 bR SO AT HLR,
A LA NS A B2 3t — 20 4 AR AU 0T 7 st A 25 A TR IR PRI R A e, 485 SR 03¢ 4 Bl

Table 4. Macro-F1 changes under historical-context perturbations

4. [hE LT ENF M TH Macro-F1 2L

P s bR Sk Macro-F1 Z{H/H 7 & NRGEiE
Original historical context—Current-epoch repetition +6.89 £ 1.30 10/10
Original historical context—Historical-order shuffling +1.71 £ 1.09 9/10

3 S P S S A AT H AR AU, BRI S R SO Macro-F1 P2
6.89 NEJr i, FFAEAHR 10 NI TP ORFFIEFIZE 52, DI ZR5E AR ARG B S 11 A SERR e 5 R
S RAT WA o 2D OB D SRR RN T e TR P S BRSO ARIR Macro-F1 P34 1.71 4
Fr s JHE 9 DMINRIT P BUS E R R . Tz MU0 R TR D SRR SR & IR A7
2o PRI — &5 R 2D R W B S2 A5 B I () 414005 At 2 o ma A R T . 45 45 No-History Il 252 %t
AR bR SCHEh 4 R T LA Y, MSA-TC-Lite AHX T 51y BOREZIRAT B RE S I AR DGR I 1S In
I PP AR AR AR B AR A, T S S A 7 B EL ) A7) A P LA e — B SRk

4.4. EEOKERBME S

N3t — 5 53 At g S BT SOV DR PR 2 S04 E K T S RRAS S, A SCHE SRR L= 10 fY5EAR
b, WE L=5. 10, 15, 20 VYRR SL 8 DK PEIT UL M. AR T B 20 ol g A Y 24 i A B &%
HZAIAFEE NP LB, NSRS E 2 L E R, HoaoRIEReR Ratisrrsidag, U
Lot eats R BN ST o U PRAIE PSS SR 32 Bk Iy S B DK REAR AU A By (s, DU s B 2R
MRS A AR R 73, JFORFFIR G R i as . Bt Ptk . itbds. INZRie s
FARN G SH 2, NSRBI T AN E & AR 58 8 07 s BN SO BERAN ]
HERIE A R BRI A e A — 3, 5 RS A A RO A LT BB, WIRESIAVPA AR A
ZEFEMRIM . I, ASCHE— DR DU AR A K BEY B se 8 D A5 B FE R T 46, 4 —4E
41,567 A HbrFr B BT IR B R bR, RIS Seit e B 1 MG SUE SR SR AR R TR, D
ERE T AR P S DR AR IR R S TR A 2 (M R R &, BARSE R INE 5 o

Table 5. Performance and computational cost under different historical window lengths

5 FRIALEOKETHS MRS ITERA

L Accuracy/% Macro-F1/% Balanced Accuracy/%  Kappa  Full MACs/M  Cached MACs/M
5 83.43 77.54 77.68 0.7718 6.081 1.261
10 83.75 78.05 78.12 0.7761 12.164 1.319
15 83.87 78.54 78.89 0.7784 18.251 1.382
20 83.97 78.43 78.45 0.7789 24.342 1.447
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B K BE R S N4 10, Macro-F1 i 77.54%32 15 & 78.05%; 4K4L34 N4 15 120 J&, Macro-
F1 735108 78.54%F1 78.43%, 5 L=10 1{H& 5 0.49 F1 0.38 N 455 BLXT 52K Bootstrap 45 iR, L=
15 AL =20 #HX T L = 10 ) Macro-F1 & 5 £ 528 RANC KK 95%BAE X HIA K 0, RPEKE N
BRI 25 AR R I AR B . 5 L=10 ML, L=15L=20 M58 & D282 N4 50%40
100%, 172847 s S INZ) 4.7%H1 9.7%. LA MEREAITE A, L = 10 IRt et &
F, RO L =543 AFH 7 SRR RE,  4k238 hn b 5236 B kA R HANERE (1) Macro-F1 o403,  [Alith
ARICOREE L =10 YENFEmME R S T H TR B R E .

4.5. IRBERE SESHIENE

Pis B SCHI ST R T AR RLE 2 A BEAREY B B R el R R RS R, (HSERRE, ey
SKESMETHE TS . TN 10 FIPI SR 1, eI 2 op & Bk — S8 EEG B, #E
XS R0 B R AT 9 AN S A B AT SE B R S, T ARAR T 1 2 R B A 7 S R Bl R
. B, AASPANE S OCHTIE — AN B, A 9 AN S BUS CE B 2 s R AEAR B, #5
KRB aE OEA TR, G RE RN . K, BIEm BRI aest, BFHE#E S
M3 s bR SCEASTE R SR HERR I 50 R I SARAY, BAKT SEARHIE ST I RE 75 A R B I X ok B 2 R - ik,
A5 A MSA-CNN small 5 BGEFE . MSA-TC-Lite 58 % % 1 85 M MSA-TC-Lite 2247 384
H=Fra. HH, MSA-CNNsmall F-T [ B aa 5 & 5 BOSE A (TS kot et 0 s 0 T
TEAHATRAE S BT, BINKEN 10 (05 5 B R SCATr R T B AR s 2847 0% S 4 20 75 O AH R 1
S DTS AR B Ak b, S T DA IRAR I T SRR, AT 2 BT R g, AT R D
AR DR EE R . AXMITRS 52508 TGS HE. iz HE&MACs) LUK batch size A 1
%R CPU F1 GPU SENHEHE 28R 45 )7 T AT S8 A0, DA i AN IRy 7E B TH R 2 B st
brizf7 3%k b eSS, Aikgs fandk 6 fir.

Table 6. Comparison of model complexity and inference efficiency

6. {REE RE SHEEYRLE

fEit] Mg EsHE  WIGSH MACs (M) CPU/ms GPU/ms
MSA-CNN small 8.52K 8.52K 1.568 1.009 0.812
MSA-TC-Lite & M HH 16.60 K 10.92K 12.164 7.125 0.903
MSA-TC-Lite 217 16.60 K 10.92K 1319 0.993 0.921

MSA-TC-Lite Hf il THE I K& 16,599 24, H 10,919 N NE RN PR TGS H . w8
FIHE PR 55 AR R AN (B 2P B b 10 NS B THE RN 12.16 MMACs: K 7 SERHIELR A7 )5, N
BrENA BT Y, R 9 MRRHEEREE N, RS TR ERE 1.319MMACs, BB E HHA
W02 89.2%, FHKT MSA-CNN small 5 BHHERER) 1.568 M MACs. 7E CPU HULFES&MF T, A7\t
FEAEIR N 0.993 ms, 5 MSA-CNN small 1) 1.009 ms #23it, BHEART 5% O EH N 7.125 ms. GPU %
PR, =7 REE S B8 0.8124 0.903 A1 0.921 ms, 2247 A MEH B E PRI MACs, {H RIS N
MREIR AR, 2 B R E S8 19D T R R A N SE BRAE B A 3R 1 R B

Rt HTIX— IS, 7E RTX 5090, batch size A 1 (I LE Filb4T T 057 GPU HEREHINT. A5 Mk
T ACRA 3 MY X, A XY 100 RIEEH CUDA Events W& 1000 K. 58% & S
SHEHE P I AEIR 43 724 0.8816 ms £ 0.9017 ms, S RTIALS Rila#h—3K. Profiler 45 R TR, A7 (R
¥ MACs £k 89.2%, {H GPU kernel {5 EKRS [A1{ FH 0.08165 ms/25 R %4 0.07810 ms/25, FEMEZ) 4.35%;
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MR AR AT 2] H2D 8¢ D2H #ifE%0m, 247 SR FER A 0.01875 ms, i BAEIR A& fr Fl 2 A7 4E 4 -3k
FEH . M PSR, EBE D —IRGIS 10 MBS 7RIS 1 B GPU FER 435N
0.38644 ms A1 0.38631 ms, M FAAM Y, R PIKEDEL 556 50 F1 51 A~/ 10 ps ) CUDA
kernel. iRZERKE, 754715 IH1T GPU K& batch size = 1 #EHEZM T, HGHHEE NHIERF L
FEAK GPU PR AT IA),  FoR s L5 400 B 5 S 18] i R P45 7E 5% 5 batch size = 1 3 AP (5 95 45 i AH
RS SRS, AL EERALE TR BRI RRST HE, HEbrtiR
W s AT 52 AR RE A AT IR

4.6. 11ig

Zif LIRSS, MSA-TC-Lite MIPERESGE H AR 5100 A T S BEARIN B, i FZEEH T N1 H
REM. Hr', NI /&2 MSA-CNN small 23R JJSARKIZEN, SIAPIE EFEH FI B 29.07%% &2
43.95%, #27t+ 14.88 I H 4 1is REM [1) F1 421 6.50 H 73 il 5 UG [FI, Macro-F1 11 Balanced Accuracy
BT FE 350 v T A Accuracy, Ui BH I3 5B B R SO SR MU 36 BE 22 14 IRLAE S Sl S50 TR ) e T B e I
MASCRIGEE TG, By B R REAE 0] T30 43100 SO 5UR 4 5SS 2 1 B el BRI A7 AE R IA =)
PR, TR H bR BCE T O R AR IR I sk AR g AT 0, w] DA S HTE B AR R 2 R A
T, Wake. N2 Fl N3 J@ A BAGR A ARAAKT, HEGRIRFAX AR, FB D)5 B SOMAS [F AR T B
PER R — e 2 m e, TR S B 280 A — By i .

No-History X RT3 52 1R SCHBhE— 2 WA [F] M FESRAIE 1 3058 7 s 45 5. 1 B 044148 - No-History 5
MSA-TC-Lite HAMHRIIREE R amidas . NP MIgeil, (BERRESII LM, Hakt
BE AR B B LR, WM IR RS S 250k 5 AR L L3RS 5 MSA-TC-Lite A1 F 1 g
Fo U7, ARFFRERESEAERE T, DCAETRHEE S B AR LN S, Macro-F1 P~
B 6.89 AN 43w FTEL T SEARAE AR TR 5t B 171 AN E 40 p -T2 R . A U AR AL X 7 s
1 S B 2 A B A B R U, 5 TR B I s A R AR TR) 2 2307 X R RE 2 S i T 485 2R
PSSO A HLAR 7S, SCRE MSA-TC-Lite FIM:RECKE 5 B SE 7 50 P9 28 S Lt (R HEZ 00 R A — B0 1E 1)
RHR, (HIXLLzE B 3 RO FTSLIR R E N MR OC R, HATER TGt 2 3 R ASHIE

MRS, BRI BN SCEIA I TR @S R, (RIS R A AT I 25 3 A
T AR RN PR, [RIIN ) SRR S A7 R G 2 B T D R I E R i . S SHE R RS T R
1 12.164 M MACs F#IK % 1.319 M MACs, J7E CPU 2 T3R5 5 7 B R0 (I HERR AR, Ui B4R
HEE I Res A U PBARESL TR U AT . SR, GPU 4614 it 5 B BRI I E R AL A N HO FE IR A 3
RIS TR R 2B S PR AT R R e 8. W DK EBURE Tt — SR, & 41N
SV R G AR AY E E, R RIS R ANBE K RS . AHE L =10, L=15F L =20 {3
A BRI Macro-F1 325, HECXT Bootstrap X [HI34#5EE 0, [RS8 8% oS ScAE— 0. Rk, £
AR R SR M AL R T, L= 10 A{ENREE MR EMIThIRE. 55—, GPU HaeH
BT, ZRA7 A HERE BAR B35 PRIK MACs, HTE 2417 RTX 5090 Fl batch size A 1 FIZFF, GPU SZPrik
ATIN TR A R LG N B, SRR T 5 4 5 SERR AR PAT ROR Z [ FE 2 R . ASCE AT EE T
Sleep-EDF-20 @18 Fpz-Cz H kA7 I0AIE, JRaknl it — b /E HAh A FF AR 5 . BEG il LA F & LIG
iE FiRgE .

5. &g
BE X2 R o B AR 43 A 7 2 LA SR SR i i B SEAB B, DA 43 B R TR A 3 A5 Tl it 2
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R ASR BRSO I, AR TR TR AR s R SR R AR 4 AR MSA-TC-Lite. %77
RE IS MSA-CNN small (1528 RS iEm g 42, K 24mr B BES UERT 9 A7 38 i BO K BE
10 PSR SR 7 11, IR e B e A 5 B Y T AR B B T o /E SR FE vh, @ A7 IR E
CTH SR P SRR, 9B AN B 1 B R R A R A i, AT A S A A S I SR HE U SRR

£ Sleep-EDF-20 b [1)3Zi7 Z 175230 45 K B, MSA-TC-Lite ££ 41,957 B A 5EE 752 B R CH)
e XA A B B AS 83.89%M1 Accuracy 1 78.15%M) Macro-F1, #H#%{ MSA-CNN small 43525 2.18 1
4.77 A~H 43 5, Balanced Accuracy $& 5 4.82 NME 7> Al o, N1 A REM 1 F1 43 42 & 14.88 H1 6.50
ANF 43 1. No-History WIZRZN BB, 18 AR EEI P 45 M A R D SOE A — BB RS bR B SE ) (s B a5
FURIRAFAHFE AR s s 2D D750 B R SCPiah s AR, B sk N 2B g S AREAE R B [
745 A Macro-F1. _FiRZ5 B, MSA-TC-Lite VRS 3t 5 H 92 7 5045 B K HLm [a) 4 2407 2R )
BB — SR

TEVHR R, SAr e FR T 9 NPT sARiE, HARSTHEEHEEE D EEN 12.164
M MACs [#{K% 1.319 M MACs, Jf7E CPU SR T3R5 5y BRI I HER AR . R 2 4R
(A&, THE R PR ARTE GPU &M N RIUAAH R AR R H, DR AR R SERRIZ AT R AT 52 2 LA {4 A
AT TR . H ETSE 3 2T Sleep-EDF-20 HUil i Fpz-Cz EEG $#i, J54nlit—HBEAR[H
ATFHERREESE . A[F BEG (@38 S HAMGE A & F I IEAE R 1)z A BE /7 DA B K FE A SO () v] S 42
Mo AN, B DK EBURME ORI, B S DG R A BR HANK E 1 Macro-F1 ANk 2, 15 %
O ERA RSN, LA MERE SiHRAS, L=10 Al/E N M4RTs0ib % 8 N AR B bk .
BE—2B 1 GPU PEAEHINT R, ZEAEHLHEI I MACs T FEAE = 4T GPU [ batch size A 1 444 R
HNAE L) IR 8, e B E AT E Tk B 2 G A A B R T H AR AR A
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