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Short-term Distributed Photovoltaic Power Generation Prediction Based on BIRCH Cluster-

ing and L-Transformer

DONG Jun'?, LIU Rui!?, SHU Hongchun'2, LUO Kun'?, LIU Zhuang'?
(1. School of Electric Power Engineering, Kunming University of Science and Technology, Kunming 650504, China;

2. Yunnan Key Laboratory of Green Energy and Digital Power Measurement Control and Protection, Kunming 650504, China)

Abstract: Accurate short-term power prediction of distributed photovoltaic systems is helpful to the operation of power
systems and local power balancing. This paper proposes an LSTM-Transformer (L-Transformer) model based on BIRCH
(balanced iterative reducing and clustering using hierarchies) for short-term photovoltaic power forecasting. First, the
BIRCH unsupervised clustering algorithm is used to cluster historical data into three typical weather patterns, and the test
set is divided according to the clustering results to train the model. To improve the prediction accuracy under different
weather types, a two-layer L-Transformer model is adopted. The first layer captures long-term dependencies in the time
series by using the gating unit mechanism of long short term memory (LSTM). The second layer combines the
self-attention mechanism of the transformer model, focusing on the more critical features of the current task. By integrat-
ing multiple attention heads with photovoltaic data feature quantities to generate vectors, the parallel computation of
attention heads will efficiently and accurately predict short-term photovoltaic power. The results, combined with actual
measurement data, show that the L-Transformer model has excellent generalization and high accuracy for power predic-
tion under different weather types, and the robustness is strong when meteorological data fluctuations are remarkable.

Key words: deep learning; self attention mechanism; multi-head attention; BIRCH clustering; short-term photovoltaic

power prediction; feature fusion
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KI5 T SIEI E P )~ 1

H A WECAR D200 22 T (A7
FUTHM N A28 R 28 Tt AL 2% 2 =) el . e
T IF 8] P 51 P00 LL B DL A ) [l A A Bh
P #E Y (autoregressive integrated moving average,
ARIMA). ZET7 M5 R AR 5 2T T B A S5 24,
LN AP 22 X 288 T A A 3R 1 48 X 4% (recurrent
neural network, RNN) I £ JZ & %1 #1 (multilayer
perceptron, MLP)ZE7; 4 WAL A8 2% > P A 1
FERE S BEHLARARAN SRR [r) EATL B0 AN [E] [ 50 77
HIEH T AR s SR . SR04 H —Fl
gk A BRI 3 E R 2R K A e 12 4% (long
short-term memory, LSTM)HI>'% AR D=8 J6 31wl
Jiik, BT 3 FRFEFRAR SR U S A, SRR
 C ¥IMH(fuzzy C-means, FCM) J5 1= #E4T I 5 F B,
RE, ERBEEMEIESE, 45 LSTM BALHAT
FeARTZ M . SCRR[ 11192 H 1 — 7 H w244 Tl
BEAY, did BEIE R LR R G e b ) R AR A
R AR R AR, AR S0 [ HA A R AR
RS A R R AT I, IR TAREEAL
SRR D AR AS, P54
P AR /SR R 22 o SCHR[12] VR4 R 1 52
M AR T 2 S0 1) 55, RS AR T 26 8 4 AN J A
T B EERORE JUHAT TR . JE T A M
28N AR SRS N TR e R AR TN AR K D) 2 )
Jiik, ATACERERPDGARM S, B B R
HENE, R TR KR mERAMREE LR H
i AL LSTM A28, 786 AR Ty 2 il A
LSTM 1] DL R Uyt b BRAG R R AR Se G &, IRl
s 2 A AR

BT LSTM #iAY, — ek b N o Ath #2819 2%
TE R & TR A, Jd ik AN [ 48 X 4% 2 ] (AR 3%
FLAN, SCEL TR 1 22 2 R R T 3140 SCHR[15]
BH T —Mds &G L M 4% (convolutional neural
network, CNN) 5 LSTM [ £% (1) S B3, i1 CNN
PR BRI E R &, SERF IS S G
YEN LSTM IHZ& [R5 N, AT S 3 SRS A 1 F0000
SCHR[L6]3R H T —Fh2H & AL, % LSTM. T[]
EIE TG, RNN 3 MR — R Wil s, # 3
B EE RTINS, O % S HE A RE
HEATARAG . STHER[ 17192 H BT AE AL B Al A 58
NS Sk i g R DA A AR 45 A I R
R B D ZETRIMNTT 1% LEFL IR FL D 2 St A

Rk, WLEs2F>) SME MM S, e TR
PEELAE RE AN T 4 gl S-210,

H AT, G R D 2 m B R O S — € Ak
B AHAAE LT o) @A ARe fft e (1A A R %) g 7
AU HAR OB, AR 8] 72 471 Hh ) o i) g
ARG, SRERERS; QRSB mYEE
HKE 7 S RERZ A EA L, 75 Z T KREW
FRAE TREFN S B0 B4 ge S AR e izt e

& 438 1) B — BB AR AT A5 e L BT R, Xt
Z AR T IN P SR OGAR T BRI A, A4
H—Fh 3L T BIRCH 2251 L-Transformer /575, &
it BIRCH &%, fELRERE MR IREd
REREBAREEN 3 MR, HXARPIRSY
5¢, L-Transformer B H Bl 55 B SR B4 A F
RN, AN E Sy 5T R A I PR,
L-Transformer #8455 1 JZ2 1@ 1 LSTM [P T3 L] 8K
HF T 506 R D) 26 KRR G R, 1524 i
WA 22 )5 1 A\ B Transformer J2, ilid H 3 & 7141
HIRE T H M ESE L, EREHERE it
WEINZR, HPUG SR EEAR I Em, RH2A
EIKE PR EER R, ZREE RS
G BNRZA AT DR R A (i) P R A $E e
JIRIE R, AT 4 v TIOIRG B S A, &
T2 MRS TOGRIRIN, KEHEm, 2
FH o

1 ARLZBIRZSTEEXMED

TR R G D 2 2 PR R,
LR R AT REAH LR, REmAH BARF A 2R A
T I b BRI L S R 3R TR (A S, ARSCR
F} Kendall'l, Spearman F1 Pearson(22143J1] i3k 47 #H 5%
YRS, dad 3 FhAH G REOu ELAS H i AR kL
DI Z AN, THREEY:

> (% =%)(3 - ¥)

i=1

Py =" . (D
S5 S -5)
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! n(n —1)
_2(P-B)
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HFIIME; So N Spearman AHIGREL; R(xi) R(»)
SN xiv yi (B SEETFHITRIIT: n AES x
Ay B4e38; i NE ST S Koo Kendall #AHG
PR%L; PN Kendall H—E06 4 B 4 Kendall H
E—BOSIMG TR B WEAE 2L

Z SRR AR R A FERR IR AL L XU KU
WRE . EIRDASAIRIE . R B2 3 FikHoC &R
T &AM PR G AR R B D F A DG R A
3 MM REN A EIEM S A AT T
W, SRR BDIR S KA RN 3 A R0
® 1R,

W LRI, SRR IR SRR T
AR 2IEAHDG, 5o, KOEAREREE 2 AR,
SIHTAE R R F LA T 7, IR K DR AR R
AHRMESRCOR,  PRIAE f SCID e R D Zd,  GilkR K
IF) 5 H SRS O T 4 ik N 2 P 40 2 5 a0 RS
P25 L-Transformer 8 is B 5 ,

2 ET BIRCH EARIFEIEHEE S

FERASMUH TS, REEEZZTESR
RFEm, Hns R, BRgEs. FRrEE
NEAA LU A (DFFEANNRIS IR,
FINT EMREIRZE . Q)RR TR WSS .
K H BIRCH %57 (balanced iterative reducing and
clustering using hierarchies, BIRCH)X} K5 34T
k.

BIRCH REE T LI B Z IR, FEATEM
St e PG L 0 KRR AT R, I
e R B = AR o B PSR B ORI, AH BE A SR
7773, BIRCH ZFEEAERA CARFRAE B4 K15 B 1)
TR X RER ST e, T B SRR am A
HAEAE T AERE ORI ), SE A1 1 A 1) o A
Frik, A BT L-Transformer BRFE I 2R frh, M
H R I3 R4 R e s N & o0 &R . R,
BIRCH FZEH I MG IR, wSEHLRIE JFAT
SO NS/ €T S NN /i Tp e i
.

21 RBINE

RAAAH RK T EABRE S s, &
SR 2 B A S XA GRS R S 8 5
FEHLA R 10 kW 75041 2O R m Bedlm 347 5828,
HARFEAS 39 381 5%, W AARIREL. g, KAl i
B BB AIVR FE A 6 NERE . [RIth, AR A BIRCH

R REINFREZIRGAARMK AL
Table 1 Correlation coefficient between generating power and

environmental variables

SR reanon Spearan rendal
AR R HL AR REL AR R HL
A 0.90 0.90 0.76
biti-a 0.23 0.24 0.16
R 0.02 0.07 0.05
JE5 -0.03 -0.06 -0.04
bt -0.17 -0.23 -0.15
R —0.42 -0.39 —0.27

FEX RSB RE AT oI B RS, DA e et
SR, BIRCH ol B = R R0 SRR IE
FIR R P O E B, i SRR A it B
X £ ALk 7 SRR, AN RR BN AN s AR kAT
4, TR R .
22 RSHEMBHRERAE

BIRCH 597K FH AR 455 0 g o 07 e A SR 2R 08
Bk, RAMEBRRERE. Bl 35 R
#5 Si 5 77 72 itk U 5 #7 (Calinski-Harabasz index , CH)
gra N, B e R, ZFH R EUER,
RRMBE gk, BEATEAEFE WP % B, ATLA
A, 430, R RN CHAEZR G /K Pk E
e, REEEN 3, WEHEBEHR R FIEELNAE
Ky BFARFINK, RXVEHTFE LM E B. &5
539381 2%, & EREJE, WERERE 21767 %,
FIRZEKHE 12 615 7%, FIRIEIH 5000 7%, KK
ZERWE 1R,

WKL UEY, EBRERET, kil
UG5 I, TR(ETE 10 kW L Fish. igms T
BT 20 JE e L A AN s, TOUUKS BEAH
b AR sl s IR ST, BT — Ry ISR
Wi %, Jetkth AR R, B EEIfE 10 kW
ER ks, B RS, BRI S g
Yy MRS TR A DU R SR S5 etk a2
G R R, TR R WRST, HTHE
SR SIRE TR, SGRH 13K, @ ELE 7 kW
KA, BAVERRNAE, BNRMSZEREAS
R A, HMELLF 3R 5 AR D Z 2 TalHK AR 5%
2, TR EEE B 5K

3 FRIRREE R, WEFTAE, NS
RIS AR . FEASCSE H ) L-Transformer
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3  E-TF L-Transformer S¢ATHZEF N =AY

ANTFN RN T 22 ) 245 13047 F 8] 77 21 IO, A
RN EBR S SR 2 IR EERE S HOR B 2
S, IR AN [R] [ 45 R 2 5 M Y 8 A R LA RE D
ZALRE ST TPHEECR. RERA, BT AR
AR SR BRI SE S o 7RI PR TR 2 o 75
BEEAFR s Bl ER A BATR K.

3.1 HETAIE

3 S8 S AREAR AT REAR AR AERHE, HH
BN B ARARNARY , U3 LAAZ 4 H A IR R R,
FHUSE R LIS, S T AR . PR G
¥ H s B AT WAL B, A STk A Datapre(data
pre-processing) X JiE 46 [7 52 G AR TN R B AT il
AbER,  DIAEECHE 5 IE S T I SRR A A

Datapre 1F N EHE TRAL I A, XN 2 4 K i
PR SR AL e . RHIESREL,. B — 1T
A, DME TR ISR AN . e R srab e SEfris
T FE, BTt AR I R A5
R, WEEREIR TR ERFE. sRME. &
HAEERE, SEAHE AR, SEOHESS
AW, MBI Datapre X EFEHEATIE D, PAK
AR ECE . TR A L EE .

BHATEARTE S, R FRHE 2 8] 24
Z5, WERAFIEE 2 (8] R AN R 72 A IR 22,
{fiF] Datapre XHRFEFFATHR /N HRKH—LALE,
W B 4R e M X AN P, AT DAAR B R AR 2
WA AES, FREEEE S T BB AR . 2
P RAH R R b, AR AN A RO R E =T
T I 25 7 B 8% 1 ~F- S5 % 5

L Datapre X2 4K i 34 A i it 47 Tk
P, M4 L-Transformer SAIFEIZREE . WAL
NGB AT I IR 8RR R
32 LSTM fHEZM L%

T A TR0 A5 AL (LS TM)AZE A A 4 22 Y 2 (RNN)
PRl b, BINT AHMCRAS I 3 BTGNS B
1S B D) SRORFFFIE RIS B sl FF5: ) Bl
Z AN RIAMH I, Tk T RNN EUIZREAE I
SUAE P55 ¥ R IR P A X 1) 8 . RNIN X R AT IR 2
GRS RE A, S 4R 10 5 2 FR R 2 T
B/NEBRILIET OB, PAEREH RIS, Ml
SR AR, 5 HURR TC T ) B AR A1
BIRJZFAE, ABEFE R P s s h s 5, Af
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&F: £ BIRCH ZEZEM L-Transformer 4347 XU AR K & L Th 22 Tt 3887

PRI 52 227 K o TRIASEZRY 1) J5 J2 6 P AR T A K
DTERRRERIEILR, SRS AT E, A
G, TR A DA SI, R s B S TR,
SETIIN L R A K. LSTM #5751 G
O, EIE SRR RN A, KRN
(22 BRI NS e AT R IRES S, B — AN
FCIZARAS, ORIE T B RICIZ e g A 2 g
LSTM E’Wﬁﬂﬁﬂ 2 W 26 Sk 2 s, LSTM
TEARBIUEEE 2 IR, BIERIUIRE Cicell state)
FIEEOIR A hdhidden state); o R~ S PIE bR L
(sigmoid)3), A K 1714 1) i HH A Ui 31 0~1 2
(B, ANTRIASE A5 145 n] DASS S S AE AP 2 I 28 o (1)
5. tanh(hyperbolic tangent function)#7~x LSTM H
X IE V) RBP4 xRN r NP FIIEHIN
55:; LSTM V4ic & B LI 5% C.
3.3 Transformer 2% 4%
Transformer & —Ff3& T35 & SIHLHI 1) )5 51 2
J7 51 (seq2seq) B A, HH 4 i 25 (Encoder) Fil fif i 25
(Decoder)41 /%, Encoder 4% A 157 526 AREHR |
REBEWE AN D4R R e m &, DUE
Decoder 7% H A2 57 71 I BEBE AR I8 77 71 1) | F 4K
S F Ml ST AER Y T30 . Encoder 22N HH [F] ()
FEH, ®EAE 2k B EE S HLE] (multi-head
self-attention) 1 Hij 15t f4 £ M 2% (feedforward neural
network) 2 N2, [AFIE S5 25 % B (residual
connection) 12 H—4¥(layer normalization)35 4 AR 124,
Transformer A&7 o1 (1) B v = I HL S 4 A P
SOGREAE 7y AN B AT INEUR &, XFEE
M AR ) 2 () R R I 7 B s A, (A AL e
FKEMANCRHIIFH P REEAE, MARRK
T N ISR A E Ay . Wl 3 PR,
Transformer #5284 i i 22 Sk v i g AL ASE Y [ I
KIERN T AN FERE X TR AN 7, 3 X 8] 7
HI A RN RE 1, i e B Rk se ), B
L M AL 3R D 2R 7 S () JR A 4 SR AE R
R IHUH B AERE Q. BRI K FIA 56 [
VAR TS N R . 1 3, w2
WE W RIRRE i ANERIIERT Q. K VT
XTI E R O K. V. aillRRE | MER
JIkHQ . KV Z R BIER TIPS
FERE; N RREREIIRIT S Zv RN N MER
F13L % A FE R . Transformer FE4HIZ 5 EF L% D,

Y

LSTMAEFR T

LSTMAEFR T

®

B2 LSTM f3AshLe i 2 7 i
Fig.2 Schematic diagram of LSTM cyclic neural network
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Fig.3 Structure chart of multi-head attention
3.4 L-Transformer ;& & #2M4&
FEAR DT & — A 2 AR S P il Yetkim)

W ThR SR, EEENE. Kl BEFEZA
RAHZEA K. LSTM H] LAATSE I 4 2 A5 =i 7
FEE, LSTM FEACHREHR i X £ 1 T T 5, X fi
R E S RS . AR EF S8 IR,
LSTM I} a1 e & &G h& . MELAIFATAL,
53 I KBS S 2 W8 S B MR LR I P e 7 o
$3 LSTM ARE R 4F Ho kb BB 7 1045 B . 1
Transformer (1] [F 73 2 J7ATL | ARG 152 9 28 )2 AT LAAE
— KA R RN RSN T I A AL B, ATI(E
THE A SZHRHIE 2 (A1 & T8, Transformer [FF4T
THEHLE AT AR $2 B A I ZRid s

G Ul B, ACHEE—Fh L-Transformer
1Ay, 254 Transformer [ HEE IHLHIA LSTM
1P H A RE /), A LSTM Jwhth &8 X 4 A\ 7 41 idk
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1T9m69, # F Transformer A% 8% 4= i 1+ 51 . 76 TR RN
EMEERTT, LSTM @it s n] LU i & 40 A i ‘X7,hf::L(}YT,g(h;4)) 4)
75 RAR B I P 4FAE, 1] Transformer 4mfid 2% 0] LA _f:F@ﬁXﬁ 5)
AR 22 A B I [E] P 81 PR AN [F A B 2 TR R &R ! b

Transformer %58 B W& 4 fi7~, 7 Transformer G =T (X IT) (6)

1% Sk H & W (multi-head attention, MHA )] 346 A
LSTM #id, Hrh X7y LSTM HEHAL B 5 [ I (8]
AL R SRR VA 8= T R SRS S AN &
TB BRI 7 il Ja 1) S AR R 2 B 5 1 SO IR Th 2
GBI P, SN 2 4E R T SR R A
S A LSTM 4B, @it LSTM 3L AZ e Aitist
BT TEELE, {675 L-Transformer 55 4 Higfi#2 i 4] /57
FIEHE KR O R AR AR . LSTM JZ
W I, RS T 2 4R R R 50k
D2 0 57 8 LIRS TS I E AR B S i &
AN K5 1) 25 A2 At Hh 2 SR A A0 (8 1R I T
TERAE AR . SR BROIR S 17 & 5 5
NG & B4, K LSTM A EM T [ 2
SR FRERAT RS, FRIE AW HAER
Fon, MWITERNFINMENZ KERIZ2 9, HH
MHA P AN RSN AR A\ 47 35 [
TH5 . T Transformer 1) HERE JIHLH], FHHETH
AT TRIIAT 55 56 B (AR AIE &, PR A A BE R R
FHIEROEE, 2221 enii P PpIRES, 464

U%@ﬁ%% S DRI 2R TN AR BB AR K HL B

Transformerfs £t

s LR IR B RN LSTM BEE Ay th ) X7 A A7 AN
OB BB e fi N MHA 2, AWefE AT LSTM 55k
RS BN ST A g RORBREUIRAS 1)
FEDD AL ) Ronm s Bt i F RS E
Wl I M EUE X Xt AT A SR 6T RoR
L-Transformer B8 %0 H (POGR D2 TUNE; T RR
7E MHA FRERINEIIA R DAL T ARFR SRR,
FEIZRIAR 4> BOd IH N H T MHA &8, & — k4t
BN MR — AN BE LSTM 246 H PR EL, H
AR BE T, @i LSTM A o () B iR A 75
L-Transformer 4584 75 91| Zx W ik 72 A € 1 B 58
TERLG ZH, LSTM 2R ) & 5 A0 B A B
PN A B R , Rl 1 1) A5 I8 B0 R U=
AT DR AN [F] (04 N ARFAIE 2 18] 43 BEAS [ 3R R
JIRE .. LR 2 b e /E NaE R s, s
AR Tl 2 H s a8 B A OR3P AT e MR
fiE, PRI 5 B — A B R i PR R ] AL M PR S R
okl BLHA R A AAEN, SR ZL o]
DA 250 25 1 8 AR R SR 33 A R] PR N 23 A
fE% 7K, ff L-Transformer HAYFEAE % 2] IR

S AR Dy R T AE
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FEAR T A TN 2 o B A R PR R ORVRRAIE, AT 92
E AR Z T HER A B e 1. T BT 2
HOE AR ZE AT, I =5
0, =N(j+b())) (7

X OFR T —T 2N S E—ZRei it
H5YREZRINBE R R j Rorhi & N RRAR
fii: b(HFa L—EHtt . %4t Transformer F%!
BATHLHE O 5 K WA G A8 N0 sk 0= 164719
LA FEBATOGRIIFR IS, O T KER /bR
TCAE AN B U i i B RRAE, ALt L-Transformer
BRI TR ) A 22 s BUS R = 1 O, F
5 K#HATWH, R Softmax 7% A EUHATHER AL
il AHEE T4£ 4 Transformer #27%¢, L-Transformer
BRLE VPRI R R R RIS, U3 RE a8 A 3R
NFHIH R ETFE R

fE L-Transformer %1, &5 1 = LSTM 2%
B GRS AR, I 18] 21 B 2 s Ay 1) B3
7N, T4 2 J2 Transformer NI SRS 2 H/EH o A
A LSTM R4 HUF #1048 1) R iR AE, SR 5 186 H
Transformer SKAHHL P FIEE K42 R o< 58, AT BE 14
T 2R AT AR T o
4 AESH
4.1 TFNIERR

T VAR LR T R M, AR SCR IS4
X 1% 2= (mean absolute error, MAE). 1577 R {7 Z (root
mean square error, RMSE)F1HtE 7 %((R-squared,
RYZEAEAR IS A B AR D Z P P g o FLATHAR
XA:

1 & -
Aniac ZZZK%_%M )]
. ©)
AR Z(yi_ji)z
=l-Z——5x100% (10)
Z(yi—d,-)

A A~ e~ A 73978 MAE. RMSE.

R2FEHUE; m LORPEARRE: | RREARTFHS; y,
FORE TAFER By, TR 1 MFEA M T
B dFRELMENTFHE. HP MAE 5 RMSE
FHCAPEAS PIINAE 5 B Sl 2 1A )R 22, HLAE R/ )
RN T &5 FBR VR . A AT EINME S BSHE
AHCME, BUATEEY 0~1, R 1 FoRmigs

REHSHEMAER.
42 FARTHZEFTIM

J9HRE L-Transformer BAYGHGAR D)2 1) Tl
R, 8 AT 0] 2 B 4 G ARBE X 2019 A4 4
T3 52 AR S HHE DL e %3t [X 3R 553 W A SR AS 1<
FEARFATHN, [TREARLE Datapre 347 kb
B, REEEFE 15 mine A SCKHA] PyTorch HEAEHE
77 L-Transformer 1% \LSTM #% % I Transformer
R, GLFR2% N Intel(R) Core i7-8700K CPU @ 3.70
GHz, W47l 8 GB. THMIFEEWIE 5 Frs.

ISR L-Transformer #5784 Fiill 6 AR Th 2 (1)
BtE, SCEIEFNLE IR A AT SVM RITR
FE S 2 BB BILSTM 5 A LR i
L-Transformer A HEAT XS LU 75 o 3 PRI S 400%
BIE 2 i,

it BiILSTM %L, SVM HAL /3 5% Yo AR 1
AT, 5k 3 PR IO 25 SR T X L
FREBFIICRINERIREIA R, LR R =
BRAMER HRAMF R, 73718 H L-Transformer.
BiLSTM % 5 SVM L8 X AN [ 37 5 04T TR

BT £ R AP KN 15 min, RFBJEHER
R, RS 1~201 RAIIGHEA: IR
% 1~116 RAGFEA; MRIRTHE 1~45 KA
WREAR . 3 Fiigst FINRFEAR Y ARG — K. 3
Fhiz s TR SE RS 3 FhoAS [F S 1 TR 25 45
FrEWIE 6 s,
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Table 2 Main parameters of the three models

TR FESH

W

PN 0.7, BRI 50, #K/NAK 25,

BILST™ ROESE 1x10°, 35]% % 1x102
POt 07, BAUHN 50, ENLEH
SVM

40, FrskEEch 0.8

Peortb N 0.7, AR HIN 50, LHCN 8,
NYEER 8, FGBZECH 64, RTBE M4 2
s

L-Transformer
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Fig.6  Forecast situation of L-Transformer model under different weather conditions
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Table 3 Comparison of model prediction errors
Pt et BiLSTM SVM L-Transformer

RMSE 0.7517 0.8435 0.5929
I K375t MAE 0.3990 0.5010 0.3352
R? 0.9435 0.9288 0.9686
RMSE 0.9832 1.0378 0.7617
MRS MAE 0.6621 0.6108 0.4221
R? 0.9078 0.8973 0.9447
RMSE 1.2970 1.6727 0.7503
WA 5 MAE 0.8350 1.1516 0.4162
R? 0.8254 0.6854 0.9588

5 g

AR SRR BB AR 9 51 6 1Y) Ha e 38 30 )
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T2 X PR IOGRAF ) SR EAE AT RE, 133
DL g5k

1) it BIRCH Jo i B 3R SR B0 iy sh s &l
539 3 AR AR, RERAIFRE R KR
DN Z (A [PRFAE AR, B T AH AL H B R Bk
RADNRBAT IO, FEA R R AT OR R Tl
KSR, B84F T L-Transformer #2754 (K132 FE .

2) fEZ QRN K] F 8 6 AR Th R i
W E, 544 BILSTM #5481, SVM A% i 245
BUFHEL, L-Transformer #5574 §E 5H 4 i 42 <% K 2=
MR IF LRI G R R, ERXREIRZI R ZY
ARG, FEPIIIPRE A B2 T &, B0 7R 1 B

3) L-Transformer #8454 HA & ML 5]
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