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Prediction of Aeroengine Remaining Life by Combining Multi-scale Local Features

and Transformer Global Learning

CHEN Jun-Ying' XI Yue-Yun' LI Zhao-Yang'

Abstract Accurate prediction of the remaining useful life (RUL) of aeroengine is crucial for ensuring their safety
and reliability. In the process of predicting RUL based on multi-sensor detection data, it is necessary to address the
issue of local feature extraction to comprehensively capture the degradation trends of equipment at different time
scales, as well as the global learning problem of long-term dependencies among elements in the time series. There-
fore, we propose a predictive model named MS _Transformer, which combines the multi-scale local feature enhance-
ment unit (MSLFU BLOCK) and a Transformer encoder. The MSLFU BLOCK leverages stacked causal convolu-
tional layers to progressively extract multi-scale local information from the time series data, simultaneously mitigat-
ing concerns related to future data leakage inherent in conventional convolutional computations. Subsequently, the
Transformer encoder, with its self-attention mechanism, further captures short-term and long-term dependencies
within the time series data. By integrating the MSLFU BLOCK with the Transformer encoder, the proposed
MS _Transformer comprehensively captures both local and global patterns within time series data. Extensive abla-
tion and prediction experiments were performed on the widely utilized C-MAPSS benchmark dataset to validate the
rationality and effectiveness of the proposed model. Comparative analyses with thirteen advanced prediction mod-
els demonstrate that the MS Transformer model outperforms others, particularly on the more complex FD002 and
FDO004 datasets, based on RMSE and Score metrics. The average performance across all four datasets indicates the
superiority of the proposed approach. The research provides a more reliable solution for predicting the RUL of en-
gines.
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management, PHM) Xf T~ £ [ i 23 & shHL A 22 4
PERIATSEMER B2 X, EVFZ T ATUR 2 5T
Z REN. PHM ELAE R A I b2 W, ) A Al
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TR & RAE R ITERMNGR BN S 5, H
FERFAESRIUIT 1 H O T4k & X1 Se 30 R R ik
PRI ) 4% 75 i A OC (R ARFAIE. 3] B AR AIE L AN
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VF 2 W 70 2 R R L G R 22 P 2% (Deep
convolutional neural networks, DCNN) ] 5 & JF
AT T SR JR) B AL B2 HXBE 0 SR AL BRI 18] e 7 K4l
Li 21 5] N7 — i ] DONN BEAT T50I 6435 24 45
P 9K U5 ik TR AR WCER B 2 A HE AL A B S
EHEHI ] DONN, ANfR 253050 A4 T el 5 4k
HOTTH L AR, Yang S50 $2 7 — P T
BB L RUL B0 753, —MER H
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Ay RIS, Li S0 SR I T Fhdk T 2 AL AR AR
IR 2 RZERHIE & M 2% (Integrated deep
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L JR AR AR AR A 8] P 55 10 5 2 AN 1.
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deep neural network, HDNN). 1% 2% )R A
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system simulation) Z#EE" _FIGAIE T 2B (1L
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FAZ & CNN 35U LA sh LIz 47 bl AR AE,
SRJE AR CBAM Ab FH38 T8 A7 () 45 B2 B A =pl
i, 5 RUL MR R R, fJa, LSTM
SYRF AR AR 55 B 8] 22 18] (O FE ks &, 2k i s BT
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units, BGRU) MRAL A A b Hh 52 BUK i <
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i Xu S50 R I T —FOIFT R —4E CNN Atk 2=
KMNZAE G SRR S RFE. Zhang 5520 5]\
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(MR F5 . Zhu SFEP R T — MR LA R 77
A PN 7, %7 A B B AL B R TR
A 28 KRR AR FRAE AR . A T R R 21 T 25 R
PEHE SN 4 R R AE kR, Li S50 52 7 —Fh 2
{155 B S HE 50 M 2% (Multi task spatio-temporal
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K FREHRZ 5 2 RERE R, i iRsa
A A A iy sk B AS 22 R FH R SRR, v Ik AT
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Fig.1

Architecture of the MS_ Transformer remaining life prediction model
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dow_length, feature size|, &% h I4ERE A [d,
feature _size, k], ¥ith y BI4EE A [window _length,
d), HrA window _length SN [8] /7 51 & 14 | fea-
ture_size NAE R RFAESEL, d & Transformer
encoder KR, fEiA A B TE SHE R, &
R HH R N R P — . Bl A5 o 40 I 285 PR R B 1S
RERE M & — Z 2By K RZ
B, DUSE AT PR 3 AT — 2 & ot b g B
FEE 2 B R G R MM, st S 2 4
LR K/NN 3 IR R ERZ kb, &l 2 kG
MRAESE, b S — NSz BBy 5 1 P sk
(ERSSTAEER
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PGB A T KSR R R SR A 1 7
FAE S, ORI ] e 2 K dfe A B 0 B VR A
AN T8 Fr 51 5080 mh SR BUR B RFAIE, A SCHIN T —
2 DR SR 6 AR LA SR AR T I 8] R 22 1) B 5% J) A A%
A, W2 R PR G BERAG AN [F  [8) RO (RS AIE.

1.3

74
I

(a) BRI R EE
(a) Diagram of convolution unfolding
3
Fig.3

(MSLFU BLOCK). MSLFU BLOCK [ Jfi # /R~
EEWE 3 PR, BARERRERWE 3(a) A
N, b= Bk T — B, AR E RS
USSR BC T AN [F] I 1] ROBERAE. K4 2 B
fEFIINE A MSLFU _BLOCK g, Bkfizs
HFEAE 3(b) Fiw, HA Convl FRRFERERIEZ
5, Chomp #EHGE T F I 7 77528 7 51 5
FINT B B A .

%, MSLFU BLOCK [\ oM &t
LG R Outy, 3 Out,, FIEM, N LA X,
THREE R AR (2).

0" =X+ Out,

i=1

(2)

g ERTIR, 2 RUZ R IR s e e & 1 —
YRR AR R as et T AR BRI T8 Fr 47
AL, REMS Al PE I A I R A AR G E. B R
A=ANRFER A L) B s 7RSI 2 RE
JEFRIFAL; 2) BORAS AT AR ORKictia itk 5 7] L5 3) W]
PRI B R AU N, fE 2T —
JEI OREF 81 S BN P S A ).

1.4 Transformer #Rh% 2

TEARFFEH, {8 Transformer gwfid#s %) 2
J5 JR) R AR AAE 38 5 5 e 5 AR R AR R AT 10— P b B
Gminas B N /M Block 20, 4l 1 fs.

T o
Out,
: +

Chomp

?

Convl
. Out,

Chomp

?

Convl

Chomp

?

Convl

t ey

Input

(b) SRR R R
(b) Diagram of operation process

% U= BRI 1 9 T R B

Diagrams of multi-scale local feature enhancement unit
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1.4.1 {IEwmEE

Transformer Zihd#s M 5| N 747 B4mtd P,
W7 A0 R R TR) S S5 (S B RN BB A 3 B G R
FE— 55N 7 5 4 BEAR R B AR B iR 7 B g
i35 MSLFU BLOCK Ry thAH N, BiAYReas 2 2]
FFHIR AR E AN KR, P ARG RERMLEH R
(3) F (4) iH5.

)
Pivo—sin|——
(4,25) = SN <100002s/d) (3)

7
P(i,25+1) = COS (1000025/d> (4)

H, i RARFHIFHIMLE, W1 FFERIEI. s Fon
EFE RG], M0 TFERI%IY. d & MSLFU_ BLOCK
B 1 AR 4
142 %LEEN

£ % SiER 1%, MSLFU _BLOCK 4 H Al
L A B 0 5 (17 B e 22 AN R Sk
RFE WSS BAS [ (1 7 23 1), A S B0 5 SI AN R ) 5%
FERCE , DA HE S A] 5 71 H A [ 1) 5% 2 RREAE.
ANE B 1Sk A O VE R HIHLH (Self-attention),
IEEHRIN Z 5 O + P SN Bl LU j A Sk
i SEAIE ACESERE W, W, WP e R /354
R Q;, K;, V;, ittHE I (5) ~ (7) Fros.

K; = ZWj’f (5)
V, =ZW} (6)
Q;=2ZwW} (7)

TP IR AR E = WAL /IR L/ = T E=
(8) Hras.

tSIltiOIl (Q j 1( J [‘ ) SOfl max J J ‘/ -
VRl 20 J \/@ j

v, dy Je A AR ) B 4E
ZANEE TR SN B B[R] ) 7 (R 34T
EREH=WALiIN b T A R K 2 I E A S
B A R IR TR R R (9).
MultiHead(Q, K, V) =

Concat ({headj}f:1> we (9)
H A, head; = Attention(Q;, K;, V;), W° ¢
RAG>d [ONER IS, dy = d/H .
1.4.3  BIIRMEER S
BT 2% & Transformer B[] 73— NEE

A, H P G AR e B O AT — AN AR 2 M 0T R
(%2 ReLU) 4. HHA R )y LayerNorm(Z +
MultiHead(Q, K, V')), LayerNorm F7x/ZIH—1k
AR, AT TR R eI X (10) SRR,
FFN(R) = Wy - ReLU (Wi R + b)) + by (10)

Horr, Wy AW, NBUEFERE, by AT by 4 B F .
PR BRI ERAE A — R 0@ st (11).
0? = LayerNorm(R + FFN(R)) (11)

1.5 RUL {&3t

I Ja B 4 E ¥ Transformer Zfi% Ja A4
fiE ) =LA A RUL 8. sery, &£ N A4
BLOCK % it 2% it i on oy 02N) | 02N) ¢ RY,
) 4 KE 2 O L RT3 (12) o,

y = Sigmoid (Wo0®) + by ) (12)

Hor g BEINFAIF RUL £S48, M Sigmoid
PR HACHE AR R ) i Y PR e 7E 0 F1 1 22 (8], W by 2
wEMASE. L2 E RUL EELL 125 5
B A4k, RIS e 1) Ji 2 (] P 2L 00000 14 R

2 SIS

ATXHEHM MS_ Transformer B A AE C-
MAPSS HeAE 4 ERPEREEAT 2 VTS . BEJS,
FEVEAN A 20 H I AL B D IR A PR A 4R AR 2
BB HRSEIR i, DA e E T iR I A
GRS — B HC% T Intel(R) Core(TM)
i5-1035G1 CPU (4 #4b#14%) Al NVIDIA GeForce
MX350 &R iH ML E#EAT. ] PyTorch HEZE
BEAT BRI SR AN . 452Kk s ECK F T Pl RUL
165 5Pl [ 3577 iR 2.

2.1 BERETIE

SEIG KR R UE T NASA i) C-MAPSS!! fjip 2%
RN BAIY . s 4 i 35 [ [ A S R R
P, HA 32 P 56 AE T2 b ) 4 75 iy T A 70
BERIIE 7T, 1ZBIE4E S FD0OO1. FD002. FD003
A1 FD004 TUNAFI T, SATHRAISEEE M
BAE R TR, BT R BIHAEA RS LT 1)
PEREFIEHOIRES, DAMEVEAS RUL Pl A B 7 - Fof
PRl AF T RS, HA LS H0n® 1 fix.

AT INGEFMREH B, HA gk
0% T KB Z AR S BN IEF 2= 1)
6 JE) H PN B A B ) 20 0 SRR AEL; X T
T B RS R] A PR A S EUE DA R
Pl F . RIS RIS PRI IREL B 1E 5%
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Table 1  Attributes of the C-MAPSS dataset SE. REREAH B SRR EN {E%}ﬁ . HAh

2% FDOOI  FD002  FD003  FD004 AN AR A R IR R AR SR B V.

LR R LA 100 260 100 249 FH T PRI ABE 1 14 A% 8638 B 35 % F Bk

DR bR P B 100 259 100 248 /NA— 4 V. X R AL B BT S SR AR A

Y 1 6 1 6 28 N 2Rt FRUCSR. FESLER A, 2 ol 7E DA E s
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Comparison of predicted values and ground truth on the test set
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4 0.51 hy 2.97 h, 0.67 h A1 3.69 h. [FI}, £ T e % B A b Al S B OB, AT S I B A
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Table 2 Comparison with state-of-the-art methods
. FDO001 FD002 FD003 FD004 Average

ik RMSE Score RMSE Score RMSE Score RMSE Score RMSE Score
LSTM (2017)% 16.14 338.00 24.49 1718.00 16.18 852.00 28.17 2238.00 21.25 1286.50
DCNN (2018)"" 12.61 274.00 22.36 4020.00 12.64 284.00 23.31 5027.00 17.73 2401.25
HDNN (2019)" 13.02 245.00 15.24 1282.42 12.22 287.72 18.16 1527.42 14.66 835.64
AGCNN (2021)™ 12.42 225.51 19.43 1492.00 13.39 227.09 21.50 3392.00 16.68 1334.15

GCU _ Transformer (2021)% 11.27 — 22.81 — 11.42 — 24.86 — 17.59 —

BiGRU-TSAM (2022)*" 12.56 213.35 18.94 2264.13 12.45 232.86 20.47 3610.34 16.10 1580.17
IDMFFN (2022)M"! 12.18 204.69 19.17 1819.42 11.89 205.54 21.72 3338.84 16.24 1392.12
MTSTAN (2023)24 10.97 175.36 16.81 1154.36 10.90 188.22 18.85 1446.29 14.38 741.06
Encoder-Attention (2023)?" 10.35 183.75 15.82 1008.08 11.34 219.63 17.35 1751.23 13.72 790.67
MSIDSN (2023)%! 11.74 205.55 18.26 2046.65 12.04 196.42 22.48 2910.73 16.13 1339.83
ATCN (2024) 11.48 194.25 15.82 1210.57 11.34 249.19 17.80 1934.86 14.11 897.22
MHT (2024)% 11.92 215.20 13.70 746.70 10.63 150.50 17.73 1572.00 13.50 671.10
MachNet (2024)%! 11.04 176.82 24.52 3326.00 10.59 161.26 28.86 5916.00 18.75 2395.02
Ours 11.79 224.36 11.98 608.88 11.95 225.05 14.47 1072.38 12.55 532.67

Transformer XJ M) RMSE F#IK T 47.48%; 7 FD004
¥ ¥i4E L RMSE B#{K T 41.79%. GCU_Trans-
former M ZE FD0OO1 M1 FDOO3 $#54E X T
A FD002 1 FD004 A EAFR MBS E, 1M
MS_ Transformer A 7E VYA 455 FR A T AHIA]
IS % E. MS_ Transformer HMFH L GCU
Transformer B FD0O01 1 FD003 ¥4 /Y
RMSE 73 B0 T 4.61% 1 4.64%, {B1E P E ¥
£ L1 RMSE F#K T 28.65%, £5FUiiH T MS
Transformer #57 5R F 1] 53 3508 45 11 384 5 B0 0 58 A /L.
SEOG AR R 1% VEE N E 421 FD002
A FDO04 Fudf 45 FEUS T AL rEgE. SR0M, e
YE 48 5 FDOOL F1 FDO03 $4E 45 |, Hikfe
B IS BB, XK, g i ik EE A
STHERAE AR R BT A 75 i TOAT 55

HRASC I

T RSB A 45 RV B TR 3 . AR T A A
MS_ Transformer % H = REHMF MR 2R
J J SR AR AE 3 58 # ¢ (MSLFU _BLOCK). Trans-

2.6

former Zwh5#% A E A Sigmoid pRECHLT )4 H Z .
FEAT o, R AR I 2 RUE = fR5 AE 1 58 5 o0
FERAR iR (R OCEE/E A, ML MS_ Transformer 42
Fyrp 51k 7 MSLFU  BLOCK #8453, H N A5 7
FINN MS _Transformer (w/o MS). fEHEA L
W= RER T 2 Sigmoid EEL, HH 3N
Ja BRI 9 MS  Transformer (w/o s & MS). 5
Gb, TV RUR B R Sehr 2he, BLE SRR
BRRGH, IR MR R 7Ry MS (CNN) _
Transformer.

MF 3R LUVE H, fERTE B dE b, M2
b 2 OB JR) BB A AE SR OB H B2, MS _ Trans-
former 174 A B K RMSE 181 Score 1, X#
B 22 OB Jm 50 4 AE i EDURSE B B 06 A 28t i e 2 2R
XU AU A B2, Jeb T TR 2, B T R )
HER PR . [EAEE N, 478 MS_ Trans-
former (w/o MS) BN 2 RZ R ERHE R
B, B DA 80 46 B R VE RES THIE FE JEAS
HIE. BARKRUE, RMSE f8 bR 72 DU AN Hdls 46 53 )
TFET 10.68%- 24.08%- 17.30% 1 21.70%. X

® 3 JHERSIR SR
Table 3 Results of ablation experiment
. FDoo01 FD002 FDO003 FD004

ik RMSE Score RMSE Score RMSE Score RMSE Score
MS Transformer 11.79 224.36 11.98 608.88 11.95 225.05 14.47 1072.38
MS (CNN) _ Transformer 12.82 254.36 13.72 1098.09 13.80 325.05 15.93 1372.87
MS_ Transformer (w/o MS) 13.20 275.59 15.78 1430.90 14.45 445.51 18.48 1754.22
MS_ Transformer (w/o s & MS) 13.91 298.18 15.91 1497.41 16.10 552.61 19.03 1992.69
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Eitd 50 %

N T AN RIS SR A R B R o TR B R RESR T 5
Wi AN ). s SR AN [ 3 3 2 R SR AR AR 32
BB 1 FARR A BT AR, (2 A dla d B2y RE
BORME P PR m B I . IR LB SRIG S5 RAESE T 2
JRUBE JR B R AL 42 R R AE SR A R AP i 075 T 14 9% B
PERY, PASCHAE A [ B 4R b i et FH Ak

T 22 RURE JR FB AR AL SR HURBE R v 1) R SR AE AR
B o HE G RR, AR H G PAE R E R
7775 MS (CNN) _Transformer, A7 & il 4 58
HIseTh. A, TR HESE L, AT MS_ Trans-
former %!, MS (CNN)_ Transformer #% [1]
RMSE A1 Score {H#44 T L7t W BIAE L T F%.
RS R T RUERERUE 2 R R SR S U
e A R, X AT e R Dy BR SR A RRE AL 3 (]
Fe B IR | SE BE A RO ORI 8] 5 PP 45 5 ) 56 B
P, AT 5 B A Y A A b A 12 5000 o 1 =) 0 e 1)
R SCHFAE. SR, R B AL BRI [A] 41 HodE
IR RE SR AR B M R, T A2 ) 1 R
A AN G

MS_Tranformer (w/o s & MS) #RI7E PN
#i4E L1 RMSE 1 Score $R A E 3 H 8L T A [Fl 72
FE RGN, X WAESL T Sigmoid 46 7E RUL fli it
A R

2.7 BSEEEMS
2.7.1 BHEOKE

RAGH T ARFE BN DA R RE PR
TRARME. XTI 1A PP A Bt 2, & KRR
SRR P b 75 I S B, B BRI B A T
DURERE. SR, H T v R = 1 R o 1 T 1 BE H B

AR AE. R, AR F0 AR 35 d5 0 AH D% SR Y S 56 45
AR T — RYE DK EE (L = 30 40, 50. 605 70).
WL 4 Fron, 2% DKM 30 #9m | 60, PUEdE
££ 1) RMSE {E 34k F#FEK 1. [FIRE, B T FD0O01
B A 1M 30 ) 50 1 FDO03 %4 5 i 1
KB h 40 FISBLAR, Score 87 32 2 R I T [k
AR, Lt O K ER I E] 70 1, AT LA
MELF| FD002 A1 FDO04 $ a4 1 Mk BE G A o4,
I FDOO01 A1 FD003 %45 45 b 1 7l 14 e B &5 1
R, 25 FE B BRI M e 5 BT K R 26 DA R Xt
LR KEM TR, E8FE NKEH 60.
2.7.2 MSLFU_ BLOCK FEREEH
ARSEIGER I 7 EME B Transformer iS4
T, MSLFU_BLOCK [ 5245 #51) J2 ot 7 14
REffIszma, 3% 5 25t 1 AR 2 E06) B 1) T 6 bR
M5 AT L, FERT R B4R b, IR GAE 2L
)38 18 FEAS R SR AL I RE I 2R ME B T, Bk
i, YHERERZHN—ET EEZWZER, RMSE
Fl Score [EIIH I T B L1 T F&, X SR BT TORAY
RETE UL B/ 2 7 B3 e I, SR, MR SR G
EHE— P % = 21}, RMSE Al Score {H %1
W7 BT X — IR AT B N R [E] 5
Bt a o, Tz s AL RHIE S AR,
E 2 () R R AR ZH0TT e S SO AR I Zrak FE rpod
PG X [FBT R T 2 OB e SRR S U B 1)
R R A B N SRR E A A AN, BEE R
HRER Y, BRE RGNS EEE T
FRA ARSI, R, 254 2% e R RE . T
0B RS DA S SRS AS S R 3R i, e 2K R SR A
FEHEREN 2 Z.

A4 RGO K RER B A T AR
Table 4  Predictive metric values corresponding to different window lengths
FD001 FDO002 FD003 FD004
W E AR
RMSE Score RMSE Score RMSE Score RMSE Score
L =30 12.89 264.78 14.38 1011.04 13.73 279.99 17.20 1858.13
L =40 12.67 268.07 13.42 854.88 12.21 213.13 16.74 1676.82
L =50 11.93 212.96 12.94 724.12 12.31 255.20 15.56 1375.81
L =60 11.79 224.36 11.98 608.88 11.95 225.05 14.47 1072.38
L =170 12.23 242.86 11.75 587.67 12.59 266.96 14.26 1093.49
%5 R AR MO B U b
Table 5  Predictive metric values corresponding to different numbers of causal convolution layers
FD001 FDO002 FD003 FD004
HREBUZE
RMSE Score RMSE Score RMSE Score RMSE Score
1 12.28 270.33 12.64 749.42 12.60 278.99 16.31 1887.34
2 11.79 224.36 11.98 608.88 11.95 225.05 14.47 1072.38
3 13.02 270.33 14.98 1225.98 14.19 367.16 17.30 2185.46
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# 6  AFHEM encoder layer %R 1 TRMFEARE

Table 6  Predictive metric values corresponding to different numbers of encoder layers
i FD001 FD002 FD003 FD004
hasJRE
= RMSE Score RMSE Score RMSE Score RMSE Score
1 11.79 224.36 11.98 608.88 11.95 225.05 14.47 1072.38
2 11.35 210.25 12.78 785.32 11.56 230.32 16.72 1785.03
3 11.95 223.25 12.58 735.32 11.86 235.46 15.72 1685.03

2.7.3  Encoder layer BJN3§

AIGER A T HEMIF ) MSLFU _BLOCK F,
Transformer Zwh 2% B )2 HO T PE BE 5200, 35 6
25 7 ANIF] Encoder layer /06 B T F8 AR AE.

/™ Encoder layer #BA] LLAEHUAS [F] J2 IR 4
fiE, W HEE 24 Encoder layer RJ LUIZ#i4ie B 5
o O (P REAE AT 3 I ASE B (R R A i R e 7. R
A, #80 Encoder layer /4N 2x 8 n ki Al i &
AP YIZRIT [R] LA S o P0G AU PRk, 7218 4% En-
coder layer NN 75 EE5 G 25 BB R VERE . Il 2R
N TN o =Rt /R I u Y e Lo Pk PR b M s u e
¥ Encoder layer /NI 1 BEINE] 3, X8
T RE Fe AR RMSE Al Score /R fEFR 6 H1. 5L
R, M%E Encoder layer 20 13, YA
K4 1Y RMSE Fl1 Score $8AR#I A W] BAZ T,
UL MSFLU BLOCK 454 1 2 Encoder lay-
er OA B FIFFEH A e

3 4LRiE

1) &t 0F B[] 3 51 FoUN [l 2 5 e 4 J=) 30 F0 42 =)
REAEA IR ), MS_ Transformer 541K H
7 Transformer ZiiZsEAHE T WL, BT A
A R4 8 B R SCIEGIATL R B 8] 7 410 1 4
JRRHIE. AT 5k Transformer gmfid #5375 4l SR AH AR
B 1B 7 & 55 R B SO R ), I T 2
JRPE R AR B 5 5 0 (MSLFU _ BLOCK). X
AN B A R B A RE T MS Transformer igix
RENS 42 11 25 FE R S AN 42 SR RRAIE, $ 1 R SIS
75 1 PO T AE A

2) N T RIS AR B R R R SR R L, 5
A MSLFU_BLOCK $2HUm#h b 3 2 s 8] R
FHAE, 22 ROBEJR SRR I {5 15455 A 5B 08 B 1 b4l 412 Ff
8] 7 51 R ) Sy S A1 A5 A R SR AR e f 1R R
it ix, tH 2 2 ARSI MSLFU _ BLOCK
AT HE i v e

3) IS 13 Mot 7 ik R B ER g, MS
Transformer 15 8 75 #4E & 446 2 4410 FD002 Al
FDO004 #i# 4 13k45 7 &L RMSE 1 Score 1H.
TEFTE AN B4R b B )1 3% RMSE 1 Score

A, BOUE AT FEHE 0 TN AR B AR R B LR R
A58 FH 75 i 00N 77 T PR RICPE AL . R0 MIS
Transformer 75 A [F] 2048 65 35 RE % 1o (1 Hh S AR
U 1 RE.

AT FEAE AT LS TIOI4: BE 0 R B HLARAE 2% A 2
FReME BT AE UG LT, JE T AH s 47 it
SE T RHLR BIHLIE A A e O AL, R — 2D
HF 50 TAEW B 45 i ik R A AT AL S v, TR N AT
AR AR S 5 R s ALK s AL Ay 0 DG B R 3R
BEAN, F 42 7Y R B B AT AL 1 4 4 75
SRR H A A3, PR 2R G AN [F) 8 B 5 4% 0 B
FEVPAL FLAE - Fh B 3 5 A AR g 1 AN A Rk
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