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Abstract: At present, the wind power output prediction has to
face with the multi-task challenges including cross environ-
ment and cross transducer equipment, so it often needs to con-
duct targeted training independently for different prediction tar-
gets. For this reason, firstly, a short-term prediction method
based on model-agnostic meta-learning (abbr. MAML) was
proposed. Secondly, based on the ability of the proposed meth-
od, by which the new task samples could be rapidly adapted, a
new regression training framework was designed. Thirdly,
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combining with such sequential depth network models as the
convolutional neural network-long and short term memory net-
works (abbr. CNN-LSTM), the Seq2Seq enhanced with the at-
tention mechanism, the Transformer and Synthesizer enhanced
with self-attention mechanism, this framework was applied to
the wind power forecasting scene. Experiment results show
that comparing with conventional pre-training-fine-tuning deep
network training method, the proposed method improves such
indicators as root-mean-square error (RMSE) and mean square
error (abbr. MSE) on the dataset GEFCom2012 for each com-
puting example, meanwhile, the generalization performance of
each model on the prediction task, which takes short-term wind
power output as the case, obtains a certain improvement. Be-
sides, this training framework can easily convert the main-
stream deep learning regression model and its dataset to the
matched pattern adapted to model-agnostic meta-learning (abbr.
MAML) strategy .
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Fig.2 Schematic diagram of windowed data mechanism
taking Seq2Seq model for example
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Table 1 Setting of experiment parameters and model

parameters
SR BAERE
B4 2
Wit & ( Transformer/HiAth ) 5x107%/1x107*

2 ) RS AR 5

BRI R AR 42
MAMLIZRE /R 11

ORI 5 R BA A 8

LA RS EUA 4
[Z1RRES NI 24

ToI A A BE/Ar 2

Ty A B 2

(IR EIER NI 1
Sl i/ D AR LSTMIRE /)2 2/2
AR LS TM 1A A5 /4 64
AR LS TM ] A% /A4 64
Transformer/SynthesizerZi i 4 AR /= 2/2
Transformer/Synthesizeff# i 4R E /|2 1/1
Dropouti; # % 0.5

R EES B 5

SRy 25 1) 2 ZR B8R 8 B P A0 R 4 iy
BERVYIN LAY, A SCR i sl o 10V B e I Xof
JE a4 o R E s Bk 2k Y LB B O
B DB R O J 1 A R v A E M 2 7
I FEH I 7 R A A 70y 1 BT I s Dol TR,
FER AN B — IR ARG R AR AL S 3R 4 b 3L
23 ZERAUUELESH

AR LA Seq2Seq. CNN-LSTM., Transformer,
Synthesizer BRG], HAHHELSAAIE MAML-
AR NI ZR- TR T IR 22 7 7
K AL, TR, TEE] 3-6 AR
W LA E R R B L g e th 28 13— 1k 5
A ESHE, 2r a4 R R — A E MAML 3%
T RYEE R, SRt 2k R — B A7 I Zk-f0M
RBEIZE ), PR R AR AR B i A X s
[E] 1) B o AH L A 96 R TT B 45 RAE K 25
FEUELR 4 A BT

TE T B SCHE A9 25 T MAML 5 W 1) 0
HE H8 7E X A% SR 2% B0 s A0 7 s 508 il A B 5 03 1Y
Seq2Seq iR AR ILH L . H T Synthesizer 15
A2 Transformer BEAYE Z I HLHIRIAZL (20)
MBUTE N RERES RA, B — ek B
P, FRERD, RAKBAITE MAML Il 45
TGN UG T XA TR bR B ST (AR AL RS
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Fig. 3 Local visualization of partial data forecasting effect
by Seq2Seq model under different training strategy
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Fig. 4 Local visualization of partial data forecasting effect
by CNN-LSTM model under different training strategies
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Fig. 5 Local visualization of partial data forecasting effect
by Transformer model under different training strategies
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Fig. 6 Local visualization of partial data forecasting effect
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F 2 Seq2Seq EEITERREIILRIREE T HIFEFR3T L
Table 2 Indicator comparison of Seq2Seq model under
different training strategies

b MAML-{# 4 B L
MSE 0.04555 0.08161
RMSE 5.3606 7.1768
MAE 0.1739 0.2504
MAPE 0.4836 0.6024

&3 CNN-LSTM #EBFEARE I SR M T BUFstrxt bt
Table3 Indicator comparison of CNN-LSTM model
under different training strategies

EELN MAML-# B Sl
MSE 0.06168 0.08524
RMSE 6.2394 7.3378
MAE 0.1955 0.2588
MAPE 0.5928 0.6512

% 4 Transformer AR EI LR KRG T HITERRXT bE
Table 4 Indicator comparison of transformer model under
different training strategies

EC1Z MAML- T L
MSE 0.09668 0.1042
RMSE 7.8108 8.1126
MAE 0.2204 0.2356
MAPE 0.6891 0.7338

A A2 S IR R I 2 — e R BT b4 1
B G br o Z5 R R, A B0 Zh— Gl o
W 23 1 K 32 R T U038 55 Bl B2 o 0 IR 1 8K
B B R P AR5 DL X B2 1 A )R, MAMIL
M PR 2 2 TR 2R A AT 55 IR RE AL IR 55 4R
A PN 2RI X8 2 BB A 8 I 2y ST RE
MR A T ik, $RTT TRz LRE

AR F7,2022,39(3)

5 Synthesizer BB FER[El % 5K B T B4EARXT L
Table 5 Indicator comparison of synthesizer model under
different training strategies

EC1Z MAML-{i Tl
MSE 0.9331 0.1178
RMSE 7.6731 8.2971
MAE 0.2517 0.2863
MAPE 0.6048 0.6512

3 it

AR SCEE X HL B O 9 22 AT 55 TR (),
FHE T BEF MAML 5 W (1% 35 784 [ 0 950 00 31 25 A
2 ZMERR R TR A TE R I HLH Y Seq2Seq Al
CNN-LSTM PN f5 S g6r 45 S 3R B A L )|
GOk, BARMITIEEIM—ER T
FEME, el A AR, P HUS
FEPETE AT TONRG B o 0 1) SE PR AR o

KK TR — DA/ MEAR B SR . AEF
Fri PP s . 24T 55 5 T PR B AR ik
T PR E R AR T AE

(AT B SR8 DL I 48 o, Ef Il s s )
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Table A2 Algorithm 2: The regression training procedure

for MAML based short term prediction

MR A1 &k 1: BT MAML REEREIEEERRTRE
Table A1 Algorithm 1: The generation procedure for
datasets based on MAML strategy
A7 SETMAMLAEWE IR EHR AL
WA ZALSRAREXT Nkt ), LR AR5 ARLS
MAMLAES 4Ty, A FILy, A5,

i MAMLEEE®E D, WAES4ED
1 D « DataLoader(X,nyqy,To)
2 D’ « DataLoader(X,N —nyqy, T\To)
3 function Set Gen (Data, Nyays Kshor k. T) :
4 Support_Set — @
5 for s S do
6 a < random_select(T, nyqy)
7 for p=1— ny4y do
8 b « random_select(k,kgpor)
9 Support_Set < Support_SetU Datala,b]
10 end for
11 end for
12 return Support Set
13 end function
14
15 function DataLoader(Data,nway, T) :
16 Keet — {ky if t€ T}
17 kshor < min {kger} * 1
18 Kguery  minfkyer) (1= 1)
19 Support_Set «— Set_Gen (Data,nway,kxho,,kse,, T)
20 Query Set «— Set Gene (Data, Mways Kquerys Ksets T)
21 return Support S et
22 end function

=r73 FTMAMLAEE AT )91 25
WA ZAESHIEEX , GEIESRES . N%ESEe.s
it EL I S Ko

1 WItRA I 25 2500

2 MEMAMLAIEIEED, D’ — DataLoader(X,S)

3 for Support, Query in D do

4 forse S do

5 IS 50%}S upport HEFE

6 T RO B S

0" =0—aVL{fy(Supports)}

7 e 1E, D7 LR A= (10) A TH0A

3 end for

9 oA, Query; LI I AROPITSECE B

0 — 60— aVL{fps(Querys)}

10 end for

11 CREBURALA RS B E 4S5

12 return ¢’
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