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) 25 TG R LR A9 B FEASE R R 4l R 2 A A 1) Y
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Figure 1 Two experimental methods for

missing values imputation
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(1) 2 ST HLHI AL (attention mechanism mod-
ule, AMM) . ZA 1 A T & 5 AL Bk (self-atten-
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( multi-dim attention mechanism block, MDAB) 4 i,
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(2) B A IMALE A FEHL (dynamic weighted fusion
module, DWFM) , A Hffi AT 2% 3] 9 =40 y Xt
AMM oS X | R X, TR R, 3 75 A 7
FURRAE F 5 X |, FEXT X, AT Il e e o A1 5
SR B X,

E 2 DFAIM Z#E
Figure 2 Structure diagram of DFAIM
2.1 FEANEER AMM
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SAB Y% 02 FTE R T HLARD R HE R T 9
SR ABIECTE , T LA R SR IBOCA [] i 1] 25 2 [8] 5 AH 56
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(D ZPEB S 50 B 5 JE, K X M M dttr
PHEE 2 R RS B d,, 46, ARG HEAT AL
B 45 (position embedding, PE) 753 B FRIF A e, .
PE fl e, /3 5li=(4) X (5)M %,

PE(p,2i) = sin(p/1 000 2[/)(1; (4)
PE(p,2i + 1) =cos(p/1 000 "),

e, = Linear(Concat(X,M) ) + PE(p,i), (5)
X p WICRME RG], 20 MREAEE, 20 + 1 3R
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U FE IS T Rk B T F At B 220 {5 s G Al 45 Ak
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nism, DMSA) TFREA XN (7) FioR
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[DM(A) ] (i, )) {Mhﬂ,i#j
0 K (7)
DMSA(Q, ,K,,V,) = SoftmaX(DM( - ) ) -V,
i
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ERE-WANIE N
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(8)
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JZ R —A> Relu BTE REUH 1, f, S5 N KA FFN
REREERR Z,, 3 (9) Fiw .
Z, = {FFN(f,) = Linear(Relu(Linear(f,) ) ) } ",
(9)
(HFH)Z, MaEdLmZm z, = =
YE A, P ENVRE AT R R X, M SAB A, st
(10) Frw

XN1 = permute(Linear(Z,) ) , (10)
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e, = Linear(concat(X' ,M") ) + PE(p,i), (11)

() Z XM g Nz, AET AE
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45 7 B 5 AP @, MBRRLFE K, e, 7547

B EMEME VORI RS Z) G AR TR

3RS Tk s (12) B .

V', =trans_dim(Z,) ;

Q/=ezW/(~); (12)
K
K, =e,W,,

. WPOR Wy g RERNE B2  ( S B R
FE TR JHE I 18 3 X A R 22 4 U A LA (
diagonal masked multi—dim attention mechanism, DM-
MDA) J= LA 2 Ak 55 i ] 8l 2 B ) 28 = 5G|, an
X (13) Fim
DMMDA(Q,,K,,V',) =
Q- K/T
DM( ) ) . V,fo (13)
Jd,
0, 1 K, ¥EAT T 4O RUE 55, 7T L SR
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e J5 i 22 Sk LR 3R IR A [ o =5 | 1 £
e R M 2 kW TR S 52 f,, X
(14) Frw
h, =DMMDA(Q, K, V') =A', - V' ;

Softmax

f, = MHDMMDA(e,,Z,) ; (14)
= concat(h21 ,hzz,"',hz ) - W,

K. i C (1,n) ,n HZRILHIBLEG A7, T2
SIS B M ; MHDMMDA (e, ,Z,) 253k % 1 48
Tt 22 Y v 75 1 R
(3)AIB M4 FFN 2, ¥ Z, st v kb 2 4
LME)Z 1A Sigmoid WIE PREUH LAY FFN )2, 15
FIFFAER R Z, 357 s (15) s
Z, = {FFN(f,) } ", (15)
(OB R, Z, & &2 | Relu U o5
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B

~

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

2.2 FHEMBF SRR DWFM

S 45 7 TR (1937 AL B 3 , A L il 0% AR 9% £
B e 2 3 9 25 1 B 75 4 AR T 7 2 ) WL
EHAS B [y 2 AR 26 % 47 4 I 0 1 3 A
R,

T e i MDAB 15 8] 59 T 24 3] S 4 A7 5 4E 5
M TR SRR o 2 M R AT IR 4 43 ol o
Sigmoid FEHFI B E v, BjF 4y EH X,
AT 4 (1—y ) MR X, (R, AL & 75 1)
X,y 5 X, HEr Rt (17) R (18) FiR

y = Sigmoid(Linear(concat(A' ,M") ) ) ; (17)
X, =y:X,+(1-%) <X, (18)

B2 BUFEBOR X, X, BRI e B
B, X" 44 5 B O, 2 (19) PR -
X, =permute(M" X, + (1 -M")> X") , (19)
K permute () TR T S 4EH R E, L H
JEff X, MAERE A X R FE— B0 o Wi s I
B

3 XWIRERERSH

3.1 LIRS

AL B R B 4s B2 i F A python, WA
3.8.0,7 Windowsl0 #/E R %G F#EHR T HT Py-
torch HEZL 9 g FR A 5%, HEZR IRRAS o0 1. 10. 0, FF & 34
5iA PyCharm11. 0. 15+10-b2 043. 56 amd64 , 5 5 i
FH B &b B 2% R 545 /R i5-12400F 2.50 GHz, i & H
YAk RTX3060, NFEM 16 GB,
3.2 HEKESTAE

Y B UE DFAIM XJ H, Jy 6 fif ke 2% (8 35 700K &
MEE TR, R T R IR 9 UCT L) g B8
FU AU BR R TREER  WETAHIL R
A far BCHE B A Oy S I B A AR R X 2 A BoE AR R AT
TP PR BARERAE IR 1 TR,

x1 BES£EWLAE

Table 1 Datasets preprocessing
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3.2.1 AR AR FRIEE AT

TR AL 2977 2016 4E 1 A 1 H 2 2020 4F
5 A 31 BAEIF 53 A~ A fmer B00s < R 8o | E
AT AR OCME AT DA S B R 0 A B T S
FOCHRREEEHRR KA 10 P2 800 . fufar 5580
PEILL 1 b kg SR A (R B, AR Ah 3% 2 0 O X AT 2
FhOBCHE PR 42 15 319 38 472 SBIE1E WAl 5%
TR RO B . W OBOHE B P A A B R B e R
8 764 4, T — Ja M W HUHE X A7 AE AN [ B B R K e
R IR 16.27% ., SN T I bR S R 40 2 8] 1 52
W], 5 %o SRR 4T Min-Max JH —fb Ab B35 4 41
FELO, L], H—F AR =X (20) fiR .

A Smin
X -x

f —
X/ ——
Kz re (1,7)5f e (1,F) 5 X" F X" 535 %05
[v] — R MIE 248 B T RR AR 1 J5e KA 5 fe/IME
3.2.2 UCI & 75 5 1 £ 38 5 A T4 22
ZEAR AL S N 370 % P o AR (Y 2011 4F
1A 1 HZE 2014 4 12 A 31 B33 48 4~ A 896 far
BHE . RFEMFE N 15 min, IF H A G2 B0
3.3 EMHiEtR
AR R S B 4 %R 25 MAE ¥ 7 AR R 2%
RMSE “F-YJHAXIIR 25 MRE 3X 3 /S FA 48 41 5K P Al
AN TS 6 g B e O ARl 1 SRR 5
FrE=(21) ~ (23) i .

(20)

2 XX -X,). M|
MAE =" ;o (21)
XM
t=1 f=1
> Y (X -X,,) 0 M)*
RMSE = |1 ; (22)
> XM
t=1 f=1
Y XX -X,)M
MAE =" o (23)
> Y xoM

Krp o BB,
3.4 ZHIRE

AR SCHE HEAT 2 50 R RS ] T UK A B
ZEL T 2 NNIH (neural network intelligence ) , H:
A E XS R A B AU S AR ks T,
FEAE VEAN 8 b5, DT B 4f M PR R AR S A A
RTINS DEAIM A5 38 A7 52 56 4 B L1 3K (ran-
dom search) 1E J S WAL Bk |, % 58 15 A1 H X A% 48

A T B R A AR TE AT R A o A L S
55 U 8 AR ALY wial S 200, BPHEAT 200 K A 3l
FESHARR O 1 BN (1] 25 25 g A R ) T i B B
2] Uy SNBSS RO B R Sy EEUE ., X T A
23 G 1 BIOHE B DA B UCT HL 7 o 500 4 i
(14 S48 A [ L) R i 20 5 1 A AL S 8 3 2
B, 2 W N FoR 2 BB AE R 0.,
BARFIEIEIEAY e, Al e, 41 s n RAREE SILEd
TN VILEE  d,,., R IE LA R 848 ; drop-
out RN R BEHL I E R 5 Ir Fon BRI S Hm) o )
R P REALR AR B T5 BT 27 ) R e 4%

®2 DFAIMERNHEELNESH
Table 2 Hyperparameters of DFAIM for two datasets

BiRES SH4 8 S R0 E Y e
N [1.2.3.4,5.6.7.8] 8
d, [16,32,64,128,256,512] 128
AN g8, 161 °
aarses [16.32.64,128.256.512] 16
d.. [32.64,128,256.512,1024] 128
dropout [0,0.1,0.2,0.3,0.4,0.5] 0.1
Ir loguniform[ 0. 0001,0.01] 0.001 9
N [1,2.3.4,5,6,7.8] 1
d... [32.64,128,256,512,1024] 1024
[2,4,8,16] 2
ucl d [16,32,64,128,256,512] 512
7 B A e e

d,... [32,64,128,256,512,1024] 64
dropout  [0,0.1,0.2,0.3,0.4,0.5] 0.1
Ir loguniform[ 0. 0001,0.01] 0. 000 3

3.5 XfLEsELE

ARSCAERLRIEE B AR T 8 A R ALY AN
H 08T AL GE R B B S Mean FIHT{H 3 58 %
Previous , ¥ % J& T AL 2% 27 > 4 160 401 28 44 [ )9 455 AU 55
Z ZIBHAHUE R DL /% MRNN  BRITS 33X £ 3 T XL
T 8 P 25 I 8% 10 R B M 8 R 48 IR X b T BT
EE JTHLHI B Transformer #5 BYF SAITS #E AL T
T 2 56 X LB A 4

Mean ; ¥J{8 3 55 % | ff FH ke 2 H5 408 o 7 J M 3L
WL E 0 1 S A AT LTS

Previous;ﬁﬁfﬁiﬁ}\ﬁ%,ﬁﬁﬁ@%%ﬁﬁﬁﬁﬁﬁﬁrﬂj
B E ST E

LR . Ze M [l B8 A Sy — A B itk [o] 09 50 3k | il
FHZE (TH ) 55 BB % F BA A X 42 M 1 Bi0H0 3 17 4
N B

MLP : 2 28I, 16 A 52 56 v B 2 1) 2 B i
BN 1024,

MRNN . 5 T B oft 28 9 2% (g I e A 07 A
SEOG H BREL JE R R B E O 1 024, 5 ) RARE



BAAGF I T B A B G B T AL 4 HL T G i 2 AR ST A A

A 0.001,

BRITS . 3 F WL [5] RNN > i 17 ikt 2% {8 A% 550,
B A AE 9 X RNN B 7228 1 2 5 3 I 1) 4% 4 o
FErp A S0 B2 4 FE BB T 1 024, 7% 2] B
A 0.001,

Transformer : 4% SCHF G 55 {8 35 78 41 Sy 48 A5 o0 0
155, R AE SZ B B R8T Transformer B4 45 5 #%

53, A0 FH A A #8358 4

SAITS: 3T H & WLl AT B R E T
BERY M EE T 3% T RNN 89 [ [ SRR 32 T 3 7
R B2, 4 i 7 I 8] )3 5 LR AT 45 1 UM SOTA 2

FE 10% B 1 LT, A SCHr 2 DFAIM 5 H
b A5 AR (1 X6} BE S SR 25 H AN 3 3 FTR .

3 MEXBER

Table 3 Results of comparative experiments

. A AR B R AR UCI HL Jp S B4 46
MAE RMSE MRE MAE RMSE MRE
Mean 0.816 1 0.940 5 0.894 9 5.591 2 6.010 7 3.727 3
Previous 0.402 6 0.589 4 0.494 7 2.830 9 3.092 9 1.518 0
LR 0.276 0 0.400 9 0.180 8 2.159 6 2.648 4 1.359 7
MLP 0.106 5 0.178 1 0.165 1 1.890 5 2.325 8 1.128 9
MRNN 0.059 3 0.082 4 0.095 3 1.177 3 1.8122 0. 630 6
BRITS 0.015 8 0.040 0 0.032 1 0.925 6 1.396 2 0.494 9
Transformers 0.020 2 0.043 4 0.041 0 0.813 7 1.224 0 0.435 8
SAITS 0.018 9 0.042 1 0.037 9 0.737°5 1.106 1 0.394 2
DFAIM (A 30) 0.014 5 0.035 7 0.029 5 0.130 2 0.2311 0.069 7
iR R 3 B BEAT X LAy BT, T LLE DFAIM #8122 2 13 38 ) AL B AR 4f i 48 T 2
(D) ZRSCHT $2 DFAIM [R] FoAR LB AR LU, MAE . 4E%0HE 22 18] 5 SR

RMSE MRE (¥4 WA, i T 8OR . e
HAbIE T J5 ¥ AL G G211 J7 15 Mean Fil Previous fY
LR ROR fe 22 | IR DR o HAOR T T e 2k B30 ) 4 )32
8 B A BT BT SR AL 2 o I B LR R MILP 36
A2 2 h T BE KB & ol B ARk R
2 A MRNN  BRITS | Transformer #1 SAITS 35 3
BUF | AR AE B A M 4005 BN i A5 A2 A (H
AR 18] R J2 Bk 2R 1 ROR K AE

(2) AR SCHT4& DFAIM £ UCIH B g $7 i 508 4k
BN ST o B DR RO AR TR R
SEFFNE R T 2 | AN [R) 4 2 080 22 0] A S R P T i

3.6 FEGRKELIR

h T ik — 2 B AR S T AR AR SO AR Al
)R AR AR DT TSR S50 g
FEMR T A 20% ~ 90% it 2% Fb B fY E 4R Bl 25 {H
R B8 UE N [) R 238 T A S AR 1) o A5k S 2 SR
K3 TR,

L3 BT LU Bl B LA B T A [ A
B MAE .RMSE MRE {5 RKE( 2 LI H, X £ MW
B s B L T LR T R R
HaprfE il —2 ., DFAIM 76 A 6] B B g R R #3%
P SR RS SO T R AR RUR

B3 AEGRIETEHEHETHR

Figure 3 Imputation results of models with different missing rates
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Table 4 Results of ablation experiment
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Abstract; In order to improve the missing value imputation accuracy of power load data and guarantee the efficien-
cy of subsequent data analysis and application, a imputation model based on Dynamic Fusion of Attention mecha-
nism DFAIM ( Dynamic Fusion of Attention mechanism Imputation Model) is proposed. The model consists of an
attention mechanism module and a dynamic weighted fusion module, where the deep correlation between features
and timestamps is mined through the two different attention mechanisms of the attention mechanism module, and
feature representations are obtained by assigning learnable weights to the two outputs of the attention mechanism
module through the dynamic weighted fusion module, and then replacing the values of the missing locations with the
obtained feature representations to finally obtain the imputed values. The proposed model is validated using the me-
teorological and load dataset and the UCI electric load dataset for an area in New York City, and the experimental
results show that DFAIM has 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



