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Abstract:  Sleep is the significant physiological process to keep healthy. Sleep stage classification based on polysom-
nography (PSG) is the fundamental evidence to diagnose sleep disorders and assess sleep quality. Manual sleep staging
method has some typical problems when handling the large-scale PSG data, such as time-consuming and low-efficiency.
The automatic sleep staging method that utilizing deep learning models to effectively learn PSG representations shows ex-
tensive researching prospects. Most existing models cannot fully consider the epoch-level waveform information, channel-
wise correlations, sequence-level sleep transitions. This paper proposes a transformer-based hierarchical sleep staging model
(HierFormer), which employs transformer encoder to extract valid epoch-level waveform features, channel-wise correlation
features, sequence-level transition features. Meanwhile, it adopts attention mechanism to improve the model interpretability
of signal properties from three views, including epoch-level, channel-wise, and sequence-level views. Experimental results
on the sleep-european data format (sleep-EDF) database expanded dataset show that the proposed model achieves better

sleep staging performance with less parameters compared with various baseline models. The overall accuracy, macro-aver-
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aging precision, macro-averaging recall, macro-averaging Fl-score, and Cohen’s-kappa coefficient achieve 0.807, 0.784,

0.735, 0.750, and 0.721, respectively. According to the performance comparisons of different feature encoding methods

from three views and the visualization of attention weights, this paper further demonstrates the satisfied encoding ability and

interpretability of proposed model. This study aims to provide innovative deep learning approaches and technologies for the

research of sleep staging applications, thus assisting sleep experts to improve the efficiency of sleep disorder diagnosis and

treatment.
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WEZANBME(N:2.3.4,H:2.4.8,d,,.: 64,128,256,
512), =H MM N N=2 . H=4 .d,. = 128. Fhitbh Py 5
Ja s E BY dropout fH 1% 4 0. 1. L I Transformer 22
FA AR 2 S B0 A 247N F A5 Transformer 2244 1Y 22
S (dropout A FRAM) , H H 7 FREAGEIAE Z2 8 (S
Bt ) FE R THE R Rtk . XTI 2R 2450, AR S
TE A — P I 2y i A o B o % AR H 5 2 AR I 45 50 1K
T ZRAEA ST (batch size) 221 16,32 .64 1 3 44K
{8, VIR RO B A R 64, Fr A RS 4000% FH Adam {1
e S HEAT IR AR AL (5 2] % 1074 8,=0.9.8,=0.999
o= 10—8)[38:'
4.3 HEEHFMNIERR

AR SR HE A2 8 E TR &5 R B R T Hier-
Former # B 09 7 2SR WG JE B, FF HIiT B T & 138
1] #4985 3 2R (precision , PR = TP/(TP + FP)) . # [u] %
(recall , RE= TP/ TP+FN)) 1 F1 43 £t (F1-score, F1 =
(2xPRxRE)(PR+RE)), H:rf1 TP FP FN 43 {4 % H

FHAREA KL AR BHAE AL AR BIFE A %L . XFF HierFormer
5 TR i At FE AR AT 1 o MR B XS bL , AR Sk Y 4

c
@%@Tﬁﬁ%‘/&ﬁﬁ%(Accuracy, ACC= zTPC/N) R
c=1
c
YIREH°R (Macro-averaging Precision, MP = z PR /C) %
c=1

c
¥R E%(Macro-averaging Recall, MR = EREC/C) .
Z= ¥ F1 4 # (Macro-averaging Fl-score, MF1 =
2 1,/C) FHE R F % (Cohen’s Kappa coefficient , x =

(p,p)/ ) TR 25 050 (A0 i 2 2 190 45 1
K1), Hid TP, PR, .RE,.F1 43 H 36 /R4 ¢ N2 Y B
FEAEAEL RS AR A [R R4, C=5 FoR IR IR B B
KR N FoR MRS PSG J BoREA BB, p, F R
TIN5 N TARE 5 Je45 R — B R  p, Fom ik —
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4 Wr—Fh LT Transformer ZEA4 1Y 2 )2 % H sl T HR 5345 Y 551

A E MR RS TR S R RE XS LU A8 AR 1Y
A SRS A T X (ut o) TR .
4.4 HEEIEEAR D HATERE

HierFormer 5 I %t SleepEDFx s 5 00 e R 4y
HIR R R MR an 22 2 PR, L ROR T 10 97238 SUERIE T 4%
RUTI R ) 5 L SEAR 2 (YN M 25 1R 1L, DL R 4%
M G 5 B XoF 7 1) B % PR, A 18] 5 RE AT F1 43 %0, i
F 2GRN ARSI F W ON2 N3 R I 4 25 2
J(F1 43 %8:0.764~0.856) 1 T N1 1 (F1 4341 : 0.466).
K 1 NTIAREAR GRS 5 032 0 WON2 3, R 7R T N
WE T WA N2 Z (Rl PR B, TR A 5 W
Bk N2 SAH L) EEG B (oD (K B A4 . 4y
N3 IBIREA DL 26y N2 3, ok 2 A o — 3 B AR AR Y

EEG HE ¢ 25 8 )% . KM 5, HierFormer £ 8 X} F
SleepEDFx £ £4E S 1 i 2 1 43 1 45

K 3 &7/~ T HierFormer 55555} T SleepEDFx HiEE
Horp— N PSGiC SR TINS5 2R 5 LS AR X LU
. b L3 AT BB A2 2% PSG ic sk 4 T 45 S it
25 HL bR A it LG A DU (43 2R MER % ACC
0.931 2, %2 V-3 F1 43 40:0.892 9). HLUA T 7 , B 7
HE FIRG A B 2 it AR /0t B A 1R 43 28, i K 22 s
FEURE O (R SUFRIE ) & A 76 BERIR B Be i de 2 Ak . 455
TRVEH MEZE Rn A5, W ONT N2 1 22 [8] (9 AH B3 450 75 )
HBLEE R 28 , FUR TS 7R T N1 A B S e PR el A =
H O AR EEG I TE . SRSl St W, ik AR 2t
T IRF SR A 1 0 0 2 0 E — 2B 4R TR AL M RE Y
Ko

&2 HierFormer A E F SleepEDFx # 1B £ R BEAR 1 HAR B 4B PE

LS\ W3 N1 N2 it N34 R HEWRPR | HIIRRE F143%
W Hj 25360 3023 1043 43 496 0.847 0.846 0.847
N1t 3726 9088 8 781 90 2071 0.595 0.383 0.466
N2 3t 302 2351 79 924 2799 1879 0.803 0.916 0.856
N3 47 14 5441 13716 1 0.821 0.714 0.764
R 514 794 4375 60 28 359 0.864 0.832 0.848

RU— mtrse

N3 b EERs
Eé
}? N2+
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WE 1 1 1 1 1
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B S

&3 BEIRMHEE RN H(SC4061 EC-Hypnogram.edf,ACC: 0.931 2,MF1: 0.892 9)

4.5 BEEEBIMEREXTLL

AT SleepEDFx B4R , FR I S8 E B
BT 1R E A R A TR LAY 7 3%, DX L3RI Hier-
Former f B (147 %01 . 32 3 JB/R T &Ik AL
i AF S R R R S

B LERNTF W X T =R s B S A
B (R SCHR[ 8] .DeepSleepNet 14] \SleepTransformeljzg‘) R
TR EE 22 8RR LU T5 S AR RS+ RE J7 b U B8
P65 19 53 WM B 5 Transformer 2244 #H X T CNN 4244 2
B b O ER AR I T EEG A ROBIE AR , 1
FETHIrRROCR R T KR 4r 230 18 PSG 55 i
AT, R = Fh )y 0k 0 4 PR BRI A A — i 2500 .
X T2 M IE A S AT SCERL 7 RS SRR IR 4R
+LR 7 S 10T 2 Pl 28 ) 28 55 80 1) 73 B 4521
X % B ORI B v] U AL eIl A 27 ) 7 i L
5 RAFHRE T IRREER S LT ME 5238 E

AR TR A . GraphSleepNet ' AR 3E T £l i {5
SV, (H AR U IR PSG 19 5053 10 47 1iE (Dif-
ferential Entropy , DE ) iy A W Z8 85 AY 35508 3 15
B SR FEOX D kA R B2 . b2 a5 SR A
R A 28 00 2% BE LR ASE TR B WA 0 1) 3 S PR E L L LA
GRU 22 #4 & F 1K #) #5 A (SAGSleepNet’ | Robust-
SleepNet 245 ) PEREMS 8 T CNN ZRAG A 80 (SCRik [21] .
Hybrid At ") , 33X 56 B RNN 424 (14 B 5 467 A1F 25 A I
AR T CNN ZE A8 1 Jmy 5 457 A1E 2 5% 8 4 B 3 FH T PSG
S SNSRI G =W kI i DR AR e
25 0 2% RE % 58 £ OB ) AT OB A5 I8 B0 I 2 4615
B R R A I (AR T R L SAG-
SleepNet'* 5 RobustSleepNet 2 [ 73 1] 1 i 1% T Hier-
Former B | F£ 28 777 PR 1 56 MP 1Ty, HC I R AE T
93 7l B 225K A GRU A4 FAR SCARE LR T B9 Trans-
former Zi % % ARG 2 A AR I T PSG A B AY - BN



552 H, T

EE 2025 4F

B FRAEFN B B 0] 4% e RRAE . (H 45 & i 5% ACC |
FV 3 F1 o BUORUBE B 5 80k 25 5 Ok B, HierFormer
8 A AE SR H Transformer 2 15 7% 48 #4 210 1£ 48 19
GRU 244 J5 , I FH o /D () 2 508 U T 38 IR T 4 57
43 10 PE BB (4 25 ME 0 28 ACC : 0.807+0.038 , % F- 3
F1 4340 : 0.750+0.046 ) , iX 15 B A 3C B A JE F Trans-

former Zi i3 2% N VE 2 I HLHI FE 40 B EE T PSG 1E A B
PN )R B AR LA T R AR (R Bl
TE A G AR B LB AR B B e B 5 2L, B IE T IR T Y
AR A AR SO R R B R I F Bk (0.721+
0.054) 4k F 0.61~0.80, ik F| T i B — 250t 19 7 Je Mg
25 .

F3 HierFormer 8 SR ERLRIETF SleepEDFx £ HE 5= HIRRAR 4> A MEBEXT L

Jik MAEYS | WERPRACC | ZPHRIREMP | ZFHARREMR | 2P L8 | BEER IR | B SR
SCHKIS]
(RF) Pz-0z 0.694+0.044 0.635+0.047 0.597+0.052 0.599+0.052 0.560+0.060 —
SCHRIT]
(LR) PSG 0.796+0.044 0.749+0.044 0.764+0.038 0.750+0.039 0.715+0.059 —
DeepSleepNet!™
Fpz-Cz 0.711+0.080 0.712+0.068 0.630+0.097 0.630+0.115 0.593+0.108 2.671x10’
(CNN+LSTM)
SleepTransformer'®’ .
Fpz-Cz 0.780+0.039 0.742+0.054 0.703+0.040 0.712+0.046 0.681+0.053 1.472x10
(AZ 2 Transformer)
SCHKI21] ,
(CNN) PSG 0.781+0.043 0.759+0.038 0.702+0.051 0.718+0.048 0.686+0.060 1.917x10
Hybrid At S
PSG 0.786+0.045 0.760+0.045 0.701+0.070 0.711+0.068 0.691+0.065 5.966x10°
(CNNAtt+GRUALt)
GraphSleepNet™! 4
PSG 0.747+0.049 0.696+0.070 0.658+0.055 0.665+0.061 0.637+0.066 2.338%10
(STGCNAtt)
SAGSleepNet®!
PSG 0.804+0.036 0.801+0.031 0.721+0.050 0.741+0.049 0.717+0.051 3.279x10°
(GRUAtt+GCN+GRU)
SeqSleepNet'”!
PSG 0.779+0.030 0.786+0.044 0.675+0.052 0.685+0.061 0.678+0.040 1.581x10°
(GRUAtt+GRU)
SimpleSleepNet!"®!
PSG 0.786+0.038 0.754+0.054 0.711+0.049 0.723+0.052 0.692+0.053 6.401x10*
(GRUAW(PE)}+GRU)
RobustSleepNet™!
PSG 0.806+0.033 0.809+0.026 0.707+0.054 0.729+0.058 0.718+0.046 2.548x10°
(GRUAtt+GRU)
HierFormer
PSG 0.807+0.038 0.784+0.041 0.735+0.046 0.750+0.046 0.721+0.054 2.328x10°
(£ 29 TransformerAtt)

FFESRAD 77 X BEXT L

N T K E HierFormer £55 55 5 Transformer 2 b5 #5% 22
FTE BN (JETE 8] R BRI A AR g i Y A K
P A SCTE ] 7 He rp R AL £ 2 e A5 e i) Rt b, 4 31
AL ) Transformer 2 At 25 73 5155 48 > P F A [+)
HIRHE i 7 20 (B4 5 % LAY ), F 5L T SleepEDFx
AR SIS B AL R bR A TR R A 1 25
S i R R R R £ 07 R 2 1R RE S AL 2
4.6.1 HEMNKEFHIERSG

XoF TR B B PSP RRAE 45 5 3K, AR SOKS Trans-
former Zii i 45 55 42 oA CNN 5 RNN 4244, B0 A 4544
AAE o, CNN 244 2R ] Wav2Vee 45 BURFIE 2 A5 15
Bl BT 7 R B R PSG HE IR 4EHRAE s RNN 42

4.6

PR ] GRU S R e ) s STET Bp 4 18] 28 5k 2 4 ke
J& BYERAE P 515 A GRU 15 21 & 4R AF . B S A 3
FIAIL ] Fl A AR 9 o 4R AR AT B R BN B R AR . =
Fhgmtith 77 =X 4 S PERE X EE Qi 4 Frs

Hy 2 4 25 S, GRUAw 4 85 75 =20 19 20 3 1 g 1
T Wav2VecAtt J5 2, X BERHAH L T M 4R PSG £ B 4w
15 Je ¥ 4 FRUARRAIE | 56 s 01 5] A 132 2 5 PSG B 7 R AIE
RE T A RO R AE B BE N A RO IR (5 B, B RNN L
CNN ZEA4 538 FH T PSG 4 fi% . i A0 LT RNN 2244, A
SCR HBY Transformer i it 2% F1) 5/ (B R S 400
— T T R 3X R BH Transformer %5 #4) [F) # H.
A AR SR I S A e 00, H Y 8 R LT A A
P T Ao 480 LRI 910 PN 45 A AR 1] it 22 () 7 1 SC
B P AHOCPES B



% o2 W 4 I§—FhILT Transformer 2244 A 22 12 9% H SRR 2349945 764 553
F4 ET SleepEDFx EHRERE F B M FAFE 4R A5 77 3 A RRAR 43 HA 4 BE X B
Hifith )y X HERR A ACC TR MP | ZPE R EERMR | EFFLAEC | BHERIREG | BUIS 0
GRUAW™ 0.803+0.038 0.780+0.043 0.728+0.049 0.742+0.050 0.715+0.054 3.818%10°
Wav2VecAtt*! 0.773+0.038 0.757+0.051 0.684+0.039 0.705+0.045 0.671+0.051 4.991x10°
TransformerAtt(4% 3C) 0.807+0.038 0.784+0.041 0.735+0.046 0.750+0.046 0.721+0.054 2.328%10°

4.6.2 B8 EMEXEHFERD

Xof S AR S T ] A O M RE A g A 7 28, AR SO
Transformer & i% &5 A1 B2 ) WL M RRAE PR EL A
TERJRHERLG BRI R GRS . Horh  RRIE DR
Concat 4 2 18 Fr Be I R AE P, TR itk
e Bt 75 1) 300 T A OGP R AE Y 5 [ T R R AL A Self-
At X 230 38 7 BE N RIETHR | R SCHOCHERHIEJS |, 45
A TR AL Al A A S R AE Y. SR Ay
A5 PR REXT L an 3R 5 PR

H1 e 5 R, AR TOCR T 2 ML YRR Fil
4752 SelfAtt, K 3 Transformer w575 5 135 & Pl 45
G 2 B R A S PR 8 L K3 Transformer

S A 0T T T8 3 Fr B N R AR Z 18] A AH DA . e B
REJT . A THRHEPHZ 7 2 Concat, A3 UHUAS T 0
U B4 7 - ERG 1 %6 MP A4 8] 558 MR ORI F1 23K, 53X Rk
& HierFormer 15 7 78 R X 288 1 AN S 14 8008 52 B P e
SN AGSE . R ACC FR R A R e 45
FiF , B R IKTE T SleepEDFx £045 52 19 PSG 3 18 45 & (X
R 3, T EOH EAOCHES B BB, TR A H A R R
HASREHORAZ B BT, R AR ) i B DF S Trans-
former 2R 4 TS RHAIE 7] 5 [ {3 0 AH S AR AR
B 2% JE BB S 40 (14 (0] L, > 300 T 50 3 s, RAE
Py AT e xR T 5 A8 SOy 20 22 BE T 1 4
JEETHE , DI 52 M B AU B

RS ET SleepEDFx #HE S 18 & 18 48 X M HFHE AR AD 7 A BERR 55 B3 MEREXT EE

Ay = HE R ACC FVPERETRMP | 2P E MR | R P PG5 | BHERIMRE | RS0

SelfAtt®! 0.794+0.038 0.771+0.039 0.714+0.053 0.730+0.049 0.701+0.054 2.332x10°

Concat®"! 0.807+0.040 0.78220.046 0.729+0.051 0.743+0.051 0.72120.056 2.820x10°
TransformerAtt(7< ) 0.807+0.038 0.784+0.041 0.735+0.046 0.750+0.046 0.721+0.054 2.328x10°

4.6.3 FHEEFHRIFHERED

XoF TR - BE 18] 5% B R A 2 5 97 3K, AR SCKf Trans-
former 4 ith 7% 25 42 A CNN B RNN 2244, 45050 H Ax 25 4y
AAE . Hirpr, CNN 2244 5% FH TCN i 1) 46 3 118 A
M FAE P H 4 A TCN A5 21 = 4EFEAF ; RNN 2244 5%
LSTM £ A AB B 40 | 465 388 18 AH 56 M 2 A 6 9 S AL LSTM
P50 A L B R R ML B R
Y F53) F BE I FE R AE . =P g A )y S 43307 PE RE X

H 22 6 A 41, 4 3 TransformerAtt Z 5% 75 2 Fl TC-
NAt 7 A I 45 R 2 45T LSTM A Jy =0, ixX R A L
TR P AR SR LSTM SR b, TCN 2R £5 42 Jay {1
5 Transformer 2 it T SCHT P AH G M 0 25 4 e A, 5
I8 T AR 3 PSG B 5 i B I o P A 4 L L LR
TCNAw J7 =0 43 P RE 4 3T T A 307 =0, (B H AR Y 2
B 55 TIeA . BN, M L T2 50 CNN I
RNN 2844, Transformer 2 5 ¢ 555 5/ 19 2 508 A 5K
P T 750 N ASA PSG R B 2 1] 9 R HIR 54 46 (5 )8, A

HLange 6 i . AR AL 3 S RE
6 ETFSleepEDFx HIBERE F B 8 IR E RS 77 X AORRER 4> HA M RE ST LE
Hifih Iy HERR ACC FTBPHEFEMP | 2P R ERMR | 2P P08 | BHERMER. | SRS
LSTMA" 0.796+0.038 0.762+0.050 0.727+0.043 0.736+0.046 0.707+0.052 4.315x10°
TCNAu!"™ 0.805+0.039 0.778+0.040 0.734+0.049 0.747+0.045 0.719+0.056 1.236x10°
TransformerAtt(75 3) 0.807+0.038 0.784+0.041 0.735+0.046 0.750+0.046 0.721+0.054 2.328x10°
4.7 FEHSHEFAAL JEFROR LA 11 R (R ISR ) L A5 v ] ik 2 ¢ 1)

B T RB HierFormer 2 R 75 F- By (B IE 0] A BE
R0 A T HEAE 2 B 1 P A B, AR SCIE B Sleep EDFx £
¥ 46 b B — PSG id 5% (SC4001E0-PSG.edf) N —A4 F Bk
FEo (KB TDAVE A A WA f v = A
£ FFAE Ji B 09 T 5 0 43 BGH AT T LA TR I e i R
AT 5 STFT WA AL, D56 E AR A4 Q4] T f) S5 21 i
R4 . B XHZ )P F i el AR 25 S an i 4 F s R8I

PSG R Bt S JE AHAR S A R B, B B B i AH R 1) i
MR B (P R T ) s AR 2 B8 1~3 47 R 1 =il it e
5 PSG, 55 4~6 17 J& 7 T AT R f4 STET B4 &, 26 7~9
AT 2 50 T B A1 P X 1 1 e B3 DN 5 T AR 1 it A 1 3 ) 4
B R 5 10474841 T =/ 1038 18] 1% A 56 1 4 iF 25 A
TEE S BRI 5 1L AT R T 4% 1 By F B la) %
P RRAE A TE 3 T 4 BRI
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1 Pz-02) WL B R FAa, A W 5 N1 E T i i i 3]
i RS 14 A 58 5 O BT B 3R 3% 2 00 ¢ 5 % 9 U ok B
EOG 15 5 Il shisl 585 1M EEG 155 H 300 5 (4 e 3, HL
PIAE T N2 301 T B AR 1 A% O HIR BR35 3855,
B J2 P02 U TR TG S 3, B K R A T e R T
P =aEAE STRT AR A (N T % 158 4~6 17,45 T
B A R E] (30 s) , PhAHE A AT (0~12.5 Haz) , i b 3
AN URAE, 52 B R AR R IR (E S ) % W EEG 5 EOG {5
55 Bl A AR AR AT B, R 4T B (0 B K 2 A T IR R
JEHS s 7 W—N1—N2 JH e fie sk B vh , EOG I 431 LG A3t
W B 1R B R R , %o R A A S U IR ARk, EEG
s A e K A3 30 B3 1 vl e 1 BB (T v, X R D
W55 HELR BEEG JJE . 5 H & St = i () b i) B
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SRS . R B PN A T S ACE AR E N
2 L1017 A, W5 N A B9 EEG P2-0z 1
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15805 ol FBL I, 0T N2 303 7 Be Y EEG Fpz-Cz 38 18 A
B, RUIHARAE KE A U s R IR B I EOG 38 18 47
B % Wik BEG 38 B2 Wi TR BE R B T W—
N1—N2 A e e ad 78 . 4% 7 B 01 o B IR 1B O
TE LS VAT RIS X F o a) ¢ i 20 5 N1 R B
R 2 B OCVEET I W 5 NI H B A B B [ B L
Ji 22 N2 WA 7 B A CER AR, D DR T2 1 B A B2 i T
B N AR Bt , 55 77 20 w30 108 B S BB L 371 s B B
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4 Wr—Fh LT Transformer ZEA4 1Y 2 )2 % H sl T HR 5345 Y 555

5 Wit

WA A 2l B 53 9 75 2 K 2 R A% 98 9 CNN
RNN ZE R4 RS2 UL PSG F B Py i 3 [B) 25 B[Rl £ T
A RERIE . G55 R 3T F W, SimpleSleepNetm] .Ro-
bustSleepNet ™ % RNN 2 145 £ ) 43 1 ¥4 i L T Hyb-
rid At 45 CNN AR, {5 ] RNN B 5 #2458 L CNN %5
FR2 3T 3 5 o B ) AR B0 5 1 PSG. g [m) A LA IS
J7 L RE 71 R I Transformer 4444 R F 1 & 1ML
X HN B HEA T AT AL B, AR T RNN RE 6% ) FH 170>
AR Y 2 B8 R e S8 AR B I P QIR , PRI, A S
5| A Transformer 4 it &5 1 S F2 4445 44 K JMHL PSG J Bt
JF A R B PR R AE L3 38 [B) AH JCPERRAE | R B B) B
AR FEHRRAE . 38 3 45 R UL, HierFormer BE R AH X T £
b RELR )7 VE BURS T e Al B AR 20 3 PR RE | G020 2K v R
ACC 7 0.807 ZZFH F1 73800 0.750 55, UEW] 1 i A6 Y
XFF AR A B T R -5 MR S AR 255 A s

% A= A B IR 43 I D SR I 23 2565 7% JE PSG i B 74
1Y BN AR B (G IE (B AR DGR L | B ) e B
A5 B . SR IAT K 2 i IR 3 WA RS AU 20 Z2 w1 Horp—
il {5 L, 41 GraphSleepNet  $E B DE 45 1F A % (& A
BENKEGER, DeepSleepNet[M] %7 SleepTransformerm]
SR FH 4 BRLH JE {5 5 a A TJC I ATCHGE T8 (8] AH S PEAR S
SCHR (21 ]2R F A9 CNN 224 R 25 18 B8] i 1 e 4 {5
B85 G =R RRIE gy S e SE SR R Y, Hier-
Former 15 7F 78 7375 18 138 = Fh OG5 (5 2 I F1 A A
S50 T/ (1) Transformer Z 45 5 1 2 ALK L HCH
BUCRFIE S , B T 00 T SR 2B AR RN S 28 g bt Ty =X 7 e
{3 U EE S

e IR 43 A T 5 AU 1 AT fi B — R PR A T
Il R A2 Wi 1) S B, JHE Dt DRI TG 1 52 300 i IR 5 95 1297
o i B W T AR O PSG A RS B, . AR SCR T
FIHLA AR BSR4 ] 3R 45 PSG & A A 3L B 45 A
A E R AL I ] Y, HierFormer BRI 56 T BEIN
AR IEAT B, 308 38 () AH SRR B 7 Be ] B FIR By B
e fE B ORI & 1 AASM 23 JED . T2
A B A 43 A AF 52 AR, B0 A A 7R 3 TG vk A A R IR 2 2
ST SR BRG  $0 aoh A  E LA Io  A mRR PR BE A
HR A8 AR SO B, R R TR E 27 2 43 WA AL T] 3= B0 31 4
iR, BV AY 3 S0 45 51 H 5 A e A8k e, T4 12

BRSSO AL 1 43 30 1k BB 5 T A Ak 45 SR A R
B A — e B T E 3 . HierFormer #5032 %L
I F Transformer Zi 1% 4% #4 3 , Transformer 22 ¥4 41 45 T
CNN . RNN Z5 2R M 5100 52 2% i AL SO A Y, &
SN Rt B R NAE . IAh ISR
1 B = 25 2 Transformer 440 J0 VA & 4 ) AN 5 1)

PERE , Tt 2 T 1 28 W0 248 — A AT O BRI . 25 BT
I, PE AR B 25 b LA AT i AN /N RS K
FETHRETRUVERERF 23 e ARKMF A EE 1

6 i

A SCEE R PSG 32 H —F 3L T Transformer 2244 (19 3
Fluti 22 )2 A SRR AR, B HierFormer £75 . 1%
BRI 5] A Transformer 4 i 5% 5 18 1% 42 (1) CNN 5 RNN
BRH ¥ 3 HE O R Y i 238 PSG R BT AR BEN
POUAT B 38 18 [ AR OCHE AR B R Bea] B AR % 4615 8,
[] BF 445 G V8 2 AL B AR AR =Rl f T &% PSG

T R BB AT SR . SEIR A R R ] AR SOBARL A

FHHE /D B S8t U 1 T 2 F SR 2R A5 AR (1) B B
S WA PEBE , Transformer 4 B 85 76 = FP 90 M1 T 9 M BB HL
T LA AR i 7 28 A, FEE S T AL SR
HH 7 AR SO Y A I IR 43 B IS 0 50 S T i v . AR
SCHIFE Ry TR 2 >0 T B IR 3 JU) 4504l 1) 252 Jre 2 (A 1 4
AR, X AR s B B 5 12 7 A AR TR
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