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Figure 1 Two experimental methods for

missing values imputation
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2.1 FEANEER AMM

PR T AN [ R AL e A
22 Sy HLI RN 22 4 7 = 1L .

2.1.1  BEFE ) HLE AL SAB

SAB 1.0 S H TE I BL R R T B A
BRAE LT, T LA 2k 3R BOAS [m) I [8] 25 2 [ 79 A0 OC
U AR R BRI R

(1) 2Py 500 8 )2 . ¥ X F1 M BE4T
PHER S LR R d,,,., g, K5 AT
Eéﬁﬁ%(position embedding, PE) 15 3| 45 1F %6 % e, .
PE fll e, 535l H1=0(4) K (5) 53],

PE(p,2i) = sin(p/1 000" ™) ; "
PE(p,2i + 1) = cos(p/1 000 ™ _

e, = Linear(Concat(X,M) ) + PE(p,i), (5)
Krf.p WOTEMERG]; 20 HEEAERE; 20 + 1 &
INATECAETE 5 PE(p,20) A G b1 ) 522 09 44 B

(2) Z KX M HTEENZE ., B, W

e, W ARIMLEZHGE Q. B K, LI NME
Vv, s (6) fimw .

Qt = elwzo;
Ktze,Wf(; (6)
V.=e W,

A WEIWE W) OB R G A o] B S RO R

SR/ X S RE =W E - YTl ey PO EE( R TIR
MR FE Al T E Rk B LAt o 221 {1 ml At 45 AEAFL,
B 1k &dE B 8% HAG T STk RS A
& S #LH ( diagonal masked self-attention mecha-
nism, DMSA) i35 2= (7) s

o -, =
DM(A) ] (i, ) =
[DM(A) ] (i, )) {Mhﬂ,i#ﬁ
o -k 7
DMSA(Q, ,K,,V,) = Softmax(DM( : ) ) -V
Jd,

K DM(A) XA R E; A Q, 5 K" &3t
MR E SRR i F i E A
AT RS MBI K 5] ; DMSA(Q, K, ,V,) Xt g
EREH=WIITl 4 e8
a2 A4 1 5 0 3k DU AR R fE AR A 5
B IRRIEAR B AR B0 2 A R 0 Sk A
HATRLE AR f, IR (8) FiR
h, = DMSA(Q, K, .V,) ;

fi = MHDMSA(e,) = Concat(h, ,h, ,=+.h, ) - W',

(8)
A0 © (1,n),n 2 ALK Wl 2
SIS B FE s MHDMSA (e,) 2 2 3k X £A 5 65 1
VRS PR B
(3) Wi 4 FEN 2. %R M % i 2 A2 i
JE R4 Relu I o6 BOH AL . f, 843 N UCH) FEN
REFIER R Z,, 0 (9) FiR
Z, = {FFN(f,) = Linear(Relu(Linear(f,) ) )} ".
(9)
(4R, e RERN Z, ST S
ST A FE RN X, RN SAB B0 s
(10) Fii R :

X , = Permute(Linear(Z,) ) , (10)
2.1.2 % tiE& S HLH 3 MDAB
MDAB %02 2 e 5 T AL 8 FL 8 T
tar SRR ARSI TE , AT LU A 3R IBUAS [R] 454k -5 AN (] i
[F] =2 [B] Y 36 2R, MDAB (1 HLAR 5 I F
(D ZRMEme st 56 8wz, w5k, % X M



114 IR PN s 3 - S QRIS )

2025 4F

M T B | 225 2 M WS O TR A6 B g 1 2
e A BVRRE A IS e, , AN (11) P
e, = Linear(Concat(X",M") ) + PE(p,i), (11)
(2)Z W24 g N E, AT AE
R IHLH R 3 A HE B2l — > HE B S TR, 2 4E
457 BLA 0 2 R @, MBRRLFE Kt e, 75 47
B AEFEE V&R RS Z) 0 4E R A TR
3R IE I (12) Bs
V) =trans_dim(Z,) ;
Q =e,Wy; (12)
K, =e,W;,
S WO W AR 5T 5 S
S RS Ok X AR HE RS 2 4E 1 T PL ( diagonal
masked multi-dim attention mechanism, DMMDA) =
PLogs 2] 5 i 5 g ] B 4 R R R QB X (13)
B
DMMDA(Q,.K,,V}) =
DM(Qf & ) ) SV (13)
Jd,
Q, R K," AT T 4780 s BUB 53, T DL 3R BCE 4
IE 2 2 (R BCHE AE DG, VY, A T T A B 2 T
MV FE I, BT L DMMDA fg % 2% 2] B FRAE 4k 5
I [ BB 4 J32 22 1] ) R TR BR AR
i i 22 Sk ML 33 AN ] 2 7 25 ) 1Y 2 4 i
TR B 2 K i AT Rl 5 43 3] f,, =X (14)
FE7s
h, =DMMDA(Q, K, V') =A", - V',

Softmax

f, = MHDMMDA(e,,Z,) = (14)
Concat(hzl,hzz,...,h2 ) - W,

X0 © (1,n) 50 HZRHLHIH KL A7, AT

WS HUERE ; MHDMMDA (e,,Z,) N £ 3k X1 A #E

(3)FIR M4 FFN 2, % Z, il Nkl 2 4

LEPEE A1 A Sigmoid W MR LY FFN 2, 15
FIRFIE LR Z, 7507 X0 (15) B

Z, = {FFN(f,) } . (15)

(42 Z, i RAEJR  Relu J015 o6 B A

Zepk219%5] MDAB okt X, FE =t (16) Fis .

X , = Linear(Relu(Linear(Z,) ) ) , (16)

2.2 ZHEMNELEEHR DWFM

Sy 45 7 R (937 AL R D, R Bl 0% AR 9% £
SR 2 3 1 A5 1k B 25 TR R AL, 7 6 R 1 LR
A B 1 AN 2 7% 0 4T T B B 25
Bt

B, BE i MDAB RIS i A 548
ME M HEFTDREE SR T T 2 P R AT M 4 5 Fhk
i Sigmoid FEEFIBNEATE v; BE Ky FEN X,
BT % (1—y ) N X, W9BCTE, IR fil & 7 5
X,y 5 X, Rt (17) 2 (18) FiR

y = Sigmoid(Linear(Concat(A’ ,M") ) ) ; (17)
X,=yeX,+(1-y)eX,. (18)

L BT RO X, P X, B B
i, X" $ AR A, s (19) B .
X, =Permute(M' s X, + (1 -M")> X") . (19)
o Permute () FToniE = =4k H e, A K
R X, HOYERE S A X R B 0 F R A T

RizH
3 XWRENERSH

3.1 XIWRE

ARS8 SR B g BRI S M python, R AR K
3.8.0,7F Windows10 #21/E R4 L5 8 T 3 T Py-
torch HEZR AU 4n B2 PR35 HEZRRR A N 1. 10.0, FF & 3
$5 4 PyCharm11. 0. 15+10-b2 043. 56 amd64 , 524 Jif
FH B Ab B 2% 0 R /R i5-12400F 2. 50 GHz, &t KK
ik RTX3060, 774 16 GB,
3.2 HiEESTmAE

T SAIE DFAIM X By, g 674 Bk 25 1 70 K5 B2
B TR AR S R T R IR B9 UCT H g 7 far B4
1 F SRR RNE  WE TANR L KN
o B FEAE R S B R 4R IR X 2 N EUR AT T
TiAL B A, R ERE IR | PR BEARM & kN
Wt ik,

K1 HIBEEWLRE

Table 1 Datasets preprocessing

R RS BEK SIASE R R

BmEMLR K/ A d0 BA LIEE S UPiE e

R SR ORI R/ RFX R BE IgE BiEg WigE KA BE IIgE BiEdE ke
ucl i hfamdseE & Akl 0 Bl H—4 370 28 10 10 100 1400 817 292 291
AASLE KA mBEE & FHiE2 2278 Ak H—fk 32 11 10 24 1602 875 291 235




552 #

A2 A5 LT B ARG T DAL A R ) SR SRR O e A R 115

3.2.1 AR LA R TR E AT

IR IR B 4L 20 2016 4 1 1 H & 2020 4F
57 31 HILTF 53 A4~ 7 0y £ far £ A< 5 808
AT ARG AT DA S B AR 0 A kB T S
HOCHRARRE BRI 10 MR 8E . Al 5 AR5
LA 1 b Ry SR A (R B A0 3% 4 00 O X AT
TR D3 B3 310 38 472 B WAl AR %
TR B . RS B P A A B R B e R
8 764 4, T — Ja M (W HUHE X A7 AE A R R B i 2K e
R IR 16.27% ., SR T I bR S [R] B 40 2 8] 1Y 52
M), S X JE RO AT Min-Max U4 —fb AL B 5 Hp5 i
0,110, H— A==k (20) iR .

X - XM

t

C e _ gl
R e (1,7)5fe (1,F) 3 X R X 439135
[Fi] — R AE 2 R R AR Y e KA 5 e /MEL
3.2.2 UCI & 7 i 47 B 48 5 A FRAL 22

ZEAREE S N 370 K P um iR 2011 4
1 H 1 HZE 20144512 A 31 B33 48 S H @ fr
B . SRAEMEFE R 15 min, 37 H %A S0 5o
3.3 iEMriERR

AR SR T B 46 X 1R 25 (MAE ) (¥ 07 MR R 22
(RMSE) SEXHA X iR 25 (MRE) iX 3 N TEM 48 5 3
PPAR A R AL X T H, g A7y e % 040 A 3 5 0OR
TR Tk (21) ~ (23) Fis

XY lx-x,,)e M|

(=1 f=1

(20)

MAE = — ;o (21
M
T F
DY ((Xx-Xx,)°M)°®
RMSE = | ““ML ; (22)
M/
PR
T F )
2 ‘(X - Ximp) ° M”
=1 f=1
MAE =" . (23)
Y Y XxoM

=1 f=1
3.4 BHIZE

AR SCHE HEAT 250 R RS ] T UK A B
S TR NN )5 5 R S48 K a8 )
S WL SE BT IS TR R b, DT B 4 3t
WHREESHG, A XX DFAIM 88 3 47 52 55
it {7 FH BE AL 18 2% ( random search, RS) 1E N i = JH ik
B RSER AR L T 8 AR R g T A
0% DRUEASE B B0 B M, 52 00 B A BRI Y arial

o4 200, REEAT 200 UK H Sl S48 5, 1 e B i Ji]
RGBT i R BR e 2D R I S S R0
YUE o B, X T4 2 R4 A RO 4R DL K
UCT HL ) i Hdie 45 | 08 A 8 2 48 R [ DL Y e
KA AL S BNz 2 iR, £2H N ERR2
A 25 R E  d . ROARFHIEFE R e, Fl e,
PP sn RANFERTIRBGd Rom VIREE d,,,., &
7 L2 M 2 ) 4R BE 5 dropout 3R 7R B AL K IS R I
TSR 24 o) R R BEPLR A 19 7 AT
o) RN,
®2 DFAIM ERNHEELNESH
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Figure 3 Imputation results of models with different missing rates
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Power Load Missing Data Imputation Model Based on Dynamic Fusion Attention Mechanism
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Abstract; In order to improve the imputation accuracy of power load missing value data and guarantee the efficien-
cy of subsequent data analysis and application, firstly, a imputation model based on dynamic fusion of attention
mechanism dynamic fusion of attention mechanism imputation model (DFAIM) was proposed. The model consisted
of an attention mechanism module and a dynamic weighted fusion module, where the deep correlation between fea-
tures and timestamps was mined through the two different attention mechanisms of the attention mechanism module.
Secondly, feature representations were obtained by assigning learnable weights to the two outputs of the attention
mechanism module through the dynamic weighted fusion module. Finally, replacing the values of the missing loca-
tions with the obtained feature representations to obtain the imputed values. The proposed model was validated u-
sing the meteorological and load dataset and the UCI electric load dataset for an area in New York City, and the ex-
perimental results showed that DFAIM had certain advantages in evaluating metrics such as MAE, RMSE , and MRE
compared to statistics, machine learning, and deep learning models imputation models.

Keywords: missing data imputation ; attention mechanism; power load; time series features





