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Time Series Imputation Method Based on Diffusion and Temporal-frequency Attention

WANG Pan, ZENG Qian-Xin, YANG Huan
(School of Software, South China Normal University, Foshan 528225, China) \

Abstract: Time series imputation aims to restore data integrity by filling in {nissing valuessbased on existing data.
Currently, RNN-based imputation methods suffer from large errors, and increasing the number of network layers often
leads to exploding and vanishing gradients. Additionally, GAN—baisred and VAE-based imputation methods frequently
encounter challenges such as training difficulties and pattemn collapse. To address these challenges, this study proposes a
time series imputation model named diffusion'model and time-frequency attention (DTFA), which reconstructs missing
data from Gaussian noise through reverse diffusion. Specifically, this study utilizes multi-scale convolutional modules and
two-dimensional atténtion mechanisms to capture temporal dependencies in time-domain data and employs MLPs and
two-dimensional atteﬁtion mechanisms to learn real and imaginary parts of frequency-domain data. This study also
implements a linear imputation module to augment the existing observed data, thereby providing better guidance for
model imputation. Finally, this study trains a noise estimation network by minimizing the Euclidean distance between real
noise and estimated noise and then utilizes reverse diffusion to fill in the missing values in time series data. The
experimental results demonstrate that DTFA outperforms mainstream baseline models in terms of imputation
effectiveness on three public datasets: ETTm1, WindPower, and Electricity.
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MR SR AN R B [ 5 P AR . e, BN B R &

VE Tl R A 5 AR G &, TBOK (18 B
W 7 B A R A R A5 K OB OC &R B4, BT AE
B T DL A Bl AR B A b AN [ RUPE f B 22
&, T > DTFA X 8 RUBERFAE (03 2R, i
S v T ) B R PR PRI SO O KU DRI, A
Xt T AE B EAT AN [ F S 5 R A I e C

HE
ConvlD 1 ConvlD N

o I
!

Average pooling

|

-

Time domain
2D Transformer

K3 IS R R

FRACEI 2 R R AR R 8 - 2k =& IR —
Mg —HIRR, HERAZ Hﬂliﬁ/‘i:%@ Transformer JEH.
I8, — 4 Transformer J2 HH I8 [A] Transformer J2 FI4HAE
Transformer J2 41, 455 #5343 Fil Transformer 443 2%
BN [ SR B 1] Transformer 23525
fi I:Eﬂ\?ﬁ () 77 ) 2 21 & AN R AE () B[] 9 ot 14, T 4R AE
Transformer Jz W)W 75 ARl R 77 [ 2% 2] &/ IS 200 PR RR
FEAH A
3.5 SUEIEE SRR

HH T I SRR AEAN B R B T R e AR =X,
T AR AR U 308 3 B 25 5% T Bl Ja S 1k AN s 1 2% 5
F & BE B, B DU S i S8R A 4T 27 2] B AL
EFRA KAEH IR ). R, 2 o) i 2500 i Aie
A A ) T B 2 KRR T4 e i R MY (1 HERA 22,
R 2 ) T B 2 R SRR AR () I 4 R B
WE.

ASCEEH T RO B, 3 A AR R
R E (FFT). £ 2 AL (MLP). Transformer
JERIPRIE A L AR 2 (IFFT), Q1A 4 B
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]
Temporal FFT Channel FFT
Temporal MLP Channel MLP
Temporal Temporal Channel Channel

Re-Transformer Im-Transformer | Re-Transformer Im-Transformer

HQH—J

Temporal IFFT Channel IFFT

I

B4 ilskyr s Sk

TEZAE YL Temporal FFT 25 Channel FFT 2
W IS B 23l B TR) A4 N G T 4 B R AT IR A
2 18] ) B . B e S E’Jﬁﬂiﬁlﬁ '@ R IE DN
Temporal MLP £ Channel MLP Jﬁﬁ%—l SEILEE
JE WP RS2 FSApREAE P SR, DA R AN [l T 2
) 98 75 O & AN AR 5K 1% MILP 1% mT BA g —
FRN:

Ymp = (YW + B) (16)
Hrh, o RRBIE AL Ymip €CP™, Y eCPM, W eC™ M,
BeC". 1T Y5 WYIAEHHERE, RyE L HoREIEN,
AR (16) o h:
Ymip = c(YW + B)

=0 ((Yr + jY)(W, + jWi) + (B, + jBi))

=o(Y, W, +jY, Wi+ jY;W, - Y;W; + B, + jB;)

=oY,W,-YW;+B,)+ jo(Y,W;+YiW,.+B;)

a7

(Rl 1k, A 50K BB Ve E’J:J:jlz L R 4y
X Tt FAS 3 1) SE R [ ‘ﬁﬁiﬂl%ﬁl@k_p Re-Trans-
former 25 Im-Transformer 2 2% =] S8 (1515 /) B 4
TSR, DLS A e P A0 () 5. B Je A a1
B BB Temporal IFFT Z8¢ Channel IFFT E#%
IR R

4 S
4.1 BUEE

AWFFAE R 3 A2 TT 2 Jo I 8] 7 51 28 4R
EETml. Electricity f1 Wind Power X} DTFA #4171 %h
B PPA

96 R4 % System Construction

ETTm 1" o 78 5 38 T B H08 4 b i A AN R
RS E T O TR LA S 6 AN R SR 1) A5 HL I A7
BRHEME R, BB E v 2016 £ 7 H 1 H-
2018 4 6 f 26 H. ETTm! #(4fs %4 ETT #da S Fikd
PR G I —FPRRAR, ZdE DL 15 min N [RIFGISSRAE, Hit
69 680 NRAE . ABFFHK ETTm1 FIHT 4 /> H B fE
R AR, Rk M) 4 N H BRI IR R, FR 1)
16 ™ HEARAE NGRS, IF BB B ) & R
AT 22 JO P REA R HURE, ﬁ*’lﬁﬂﬁd\uﬁﬁ 24, 1
AP KEN 12.

Wind Powe‘tm] @ﬂﬁﬁ%ﬁﬁ%mﬁ@%ﬁ&.
42020 41 AT H=2021 4 5 11 22 H, 353 7 M
fE 09 LA 15 min Jy[a]BE 5 SRk, JLit 48 673 MEE
AR BARERIRI S LG AT EURE 7555 ETTm1 $idi4E
HIARTE], B OR/NEE N 24, W B K E N 12.

Electricity! ) J5 [ UCI 174 % 1 () Electricity H
FTEARSEALE N 370 N7 F i Wi 4R 1 FH H B 44 $
PN BLES . Z B EAE L 15 min (ARG 50 RAF, H
140256 /MRAE A1, BASKAE S AA 370 DML EZIK
TR 1ZE SR E R KNy 100 B 100 % 1H
HEATHURE.

42 FNIERS KBTS

AHFFUAL T 3 AN 3 9 4 TR I VPA 6
kA5 DTFA HITERE: i’]ﬁffﬁlﬁﬁ (root mean square
error, RMSE)- H:i’J?@X]Lwei (mean absolute error,
MAE) *ﬂ@%i ﬁ“é&ﬁ%iﬁﬁj\ (continuous ranked
prqbablllty score, CRPS), — 3 I AUE B& /N 5% BB AL (1)
AN R B

RMSE 5 MAE 84k 7 HSE -5 FNE 2 18] (¥ 22
F, FE M TP B AL [ A4E 55 B PERE. RMSE f
) JCVE S B REAE, 1T MAE A] DLUSE f7 A4 B 1% 22 1) S
Bt L. AT 7 ) RMSE F MAE 1505 30T AR R A

Zlel Zfi):l [((Xtarget —-(1-M) @Ximpute))z]l,d
Zf:] Zj:l (1= M)

RMSE =
(18)

ZZ IZd li(Xtaget (1- M)GXImpute)|

Zl lZd ](1 M)ld

CRPS 7& — PPl Bl 5 ME2 00 A 22 7 (6 A, TR

MAE = (19
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i H AR SN A

PERE 505E T A5 DTFA M shdERtE. AcS% T
Tashiro % N85 72, 5 5 SO 47 $di 2k
Ao(D7H (@), X) = (@ = x 13X = DN @) A5, Horh
IALEUKF-a € [0,1], D™ a) & 5345 DAL, TR

T ASHIF 70 B A i 100 MRS DL AL B 98 1)
o3, PRIHRE T 5 0.05 Z1 1 19 55 85003 6 BOK - 19 43
AR, B, AW BT A 1 A2 SR 1) CRPS THEF
BHEVE NP R bR, Bk 5 0T

1
CRPS(D™',x) = f 2A,(D” (@), x)da
0

19
~ Z 2Aix0.05(D (i x0.05),x)/19  (20)
i=1

} __CRPS(D™", %) _
CRPS(D,X) = &23X 7

A 5 11 DTRA 235 T PyTorch HE4LH 211,
H1E 16 GB A7) NVIDIA GeForce RTX 4070 Ti
SUPER GPU THHE YR FEAT IR, Jauk LA S, 5
WIS HRE MR 1 s

K1 EBSHEE

e2))

ZH WHEE i
Batchsize 32 AL RN
Optimizer Adam b3

Learning rate 0.001 E kS
Attention head 8 VN WADS
Layers 4 KRZEEH
Num steps 50 U

43 EH&%5%

N T BE DTFA [ PE R AR, A TR T —

RINRETFIRIL S IR ATTIE S 23T .

M-RNN Z A5 R4 F00E RNN 24 31T 3 18, I
FFT GRU-D 110 [958 050 o H R 41135 S ok

BRITS'"): iZ 457 [A] B¢ fd ] 7 W) RNN DL &
GRU-D [ i [] ZE 3k 2R 50K xof ] 18] 7 271 ik AT A5, A (]
ZHAE T e K B R A N RNN RIS 5, 235 48
RNN I BRBOIRAS AT H 1.

Transformer'': £ AHF 78 FFAXAE ] T Transformer
I gmAg 28384y, 2288 7 Transformer MRS 25 LY.

SAITSPH: iZ 8RR FH T — b 4 5 478 4 A0 0000 {1
HE WA ACUIZE T 1%, I8 B B 5T A B il B 3
B STHUR — AN IR A He DK e TR 5 2 A

GP-VAE"): 145 8 75 78 47 2% [ v 1 s i Se ik
FER IR [0 307, 3L ELBO (AR B35 (AL

CSDIM™: IZARAY J&—Fh B 43 B S AR IO AL,
T T Al P 3 R AL AR — 2 SRR (R AR ALE (1
FHIGHE.
4.4 ITLELIG

AWFFAE ETTml. Wind Power 1 Electricity 24
8 T T HRANSCR X LRSS, a2 Fros. Hod i
AR B R 2 EA 10%, St i i i it ok 2
. %0 % % W), DTFA 76 ETTm1. Wind Power
Fil Electricity Bt Sl #h 152 72 25 48 F J A B 2 L
B, - UEBR T DTFA T8 A EANZ AGRE )7, HARIN S,
DTFA 7£ ETTm1 ¥4 45 E 1) RMSE 5 MAE 43 51N
0.103 11 0.065, bt 5k 28 455 7Y f 4% 22 40 T PR A T
7.21% K1 4.41%; £ Wind Power ¥4 4 L f) RMSE 5
MAE 43 %175 0.127 F10.022, bt et ik £ 5 7 (4 22 )
FIBEAK T 3.05% Al 15.38%:; E Electricity 344 L1
RMSE 5 MAE 435124 0.122 1 0.053, Hb et dk £ i 7Y
HIRZE 7T A AT 6.87% Al 5.36%.

# 2 DTFA 5EELEMTE ETTml. Wind Power Fl
Electricity (414 F4fi% M) RMSE 5 MAE

FiAY ETTml Wind Power Electricity
M-RNN 1.395/0.989 0.840/0.668 1.869/1.269
BRITS 0.265/0.142 0.196/0.681 1.346/0.883

Transformer 0.184/0.116 0.199/0.091 1.294/0.821

SAITS " 0.183/0.123  +0.178/0.060 1.148/0.737

GP-VAE 1 0.465/0:334 0.408/0.299 1.565/1.094

. CSDI' 0.111/0.068 0.131/0.026 0.131/0.056

DT;FA (Ours) 0.103/0.065 0.127/0.022 0.122/0.053
FEAIEE 23 EL (%) 7.21/4.41 3.05/15.38 6.87/5.36

M-RNN KHTGEH BB B 2 MR R, T35
AR ZER, R BRITS i i K S 2 H A8 RNN
Pl 1) A% B DU SRR R A SG 1, PR B4 A M et 0
VEFEME RNN 25 4R P (1 PR, AT DA K T B (A b
%%, GP-VAE 1] f¢ [A] fa 4% & 55 04 45 A7 UL e 1R 2 1
BHRZER K. Transformer 5 SAITS &35 T2 /1Ml
i, 76 3 M4 B4R RE R SRBE 1 9. CSDI
5 DTFA J&5: T4 B2 M (R H # S Y, 1 5 AT
Hh L LAY AE RMSE A1 MAE Fa¥r B B AT B B A0, 78
FRAE 4 B 35 10 Electricity B0 45 AR oM B2, 48
EFriR, DTFA SEBL 14 BRAEHE 55 A0 3 77 1 3K
g4, I T 2 M EUE Y S B A Bz A
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N TP R DTFA 5 RN [F] ik R
i e ERAEAMERE, AHTFFL R ETTm1 X4 251 5
A 10%—90% H#f Gk 2k LAHEAT B0 AIE, & 3-38 5 70 il 1F
Y2~ T RMSE. MAE F1 CRPS (I VEAL 45 5. %525
S5 R, S TN AN [F) AR BE R AR I HdiE £, DTFA 1

FHANICRMAR T S fh I 2805 1%, Hoe BB = %
PEAET] LU 78 20 % 3% DTFA K24 168 ). BAKTT 5,
DTFA (1] RMSE FH3 T AR S AR A P AIK 1 0.58%—
8.53%, MAE AT SR BB K T 0.98%-7.79%,
CRPS B T ALK LA EIL T 1.08%-7.35%.

# 3  BRRAFER, DTFA 5F3EEMRIAE ETTm] 54 L 1) RMSE % bb szat 45 51

FEEA 10% 20% 30% 40% 50% 60% 70% 80% 90%
M-RNN 1.395 1.415 1.420 1.420 1.419 1.415 1.406 1.417 1.405
BRITS 0.265 0.290 0.328 0.357 0.378 0.418 0.448 0.503 0.542

Transformer 0.184 0.225 0.223 0.219 0.221 0.260 0.277 | 0313 0.343

SAITS 0.183 0.196 0.208 0.221 0.236 0.265 0.284 Y 0316 0.350

GP-VAE 0.465 0.534 0.599 0.612 0.670 0.734 0.802 0912 1.060

CSDI 0.111 0.114 0.121 0.129 0.139 \ 0152 0.173 0.223 0.362

DTFA (Ours) 0.103 0.107 0.112 0.118 0.130 0.146 0.167 0.217 0.341

FEAR 5 43 B (%) 7.21 6.14 7.44 8.53 "6.47 3.95 3.47 2.70 0.58
F 4 BRKRERAFEN, DTFA 5EEHAE ETTm] $di4E B MAE X HLscig 4 1

A 10% 20% 30% 40% 50% 60% 70% 80% 90%
M-RNN 0.989 1.012 1.019 1.027 1.028 1.030 1.024 1.034 1.029
BRITS 0.1424 © 0.160 0.182 0.205 0.222 0.250 0.270 0.303 0.331

Transformer . o116 0.139 0.136 0.137 0.143 0.162 0.174 0.193 0.216

SAITS 0.123 0.129 0.139 0.147 0.160 0.180 0.193 0.205 0.231

GP-VAE 0.334 0.384 0.432 0.448 0.491 0.548 0.594 0.683 0.795

CSDI 0.068 0.071 0.077 0.081 0.087 0.095 0.108 0.132 0.204

DTFA (Ours) 0.065 0.068 0.071 0.075 0.081 0.090 0.103 0.128 0.202

FEA T 43 EE (%) 441 423 7.79 7.41 6.90 5.26 4.63 3.00 0.98
K5 HREARE, DTFA 5HELHATE ETTm $¥E4E 11 CRPS X Ll 55 45 3

7Y 10% 20% 30% 40% 50% 60% 70% 80% 90%
GP-VAE 0.386 0.446 0.501 0.519 0.571 0.638 0.692 1 079 0.928

CSDI 0.060 0.062 0.068 0.071 0.077 0.084 0.096 ~0.118 0.185

DTFA (Ours) 0.057 0.060 0.063 0.066 0.072 0,080 0.092 0.114 0.183
FEAK T 20 EE (%) 5.00 3.23 7.35 7.04 6.49 L 476 4.17 3.40 1.08

4.5 HRASER

HTEL G 1 2 T 8, 20 5 T L BT 25 2 e 45

J9 T VRNBISE DTFA FA [ 210 X B s i g

i, AR T 3 410 SR OFAE Bk g 10%
9 ETTm1 S0 LHEAT IR IR S4B R 2% 6 .
4 6 DTFA £ ETTm1 Hfate FiIHRSLH 45 R

MR RMSE MAE CRPS

w/o I 3 B iR 0.126 0.072 0.081
wio SR RS A 0.134 0.076 0.114
w/o L AEATHMEEH 0.107 0.069 0.073
DTFA (Ours) 0.103 0.065 0.057

G R SE R R W], KBRS AME B S, DTFA
LB R 15 il B 2% AR EAT I 25, 3 BSURE AL A 4
KR ZEIG K. AZ IR AT LAENIE LR VE A AR A — € 2
J 128 DTFA $2OEA R 4w 45 2 Ak 2 Hcdls ) v 42
AR S T 24 25 B A SR R U R

98 R4i# % System Construction

TEREAT 2 2176 By 1 58 U M 2 40 500 140 I ) 44 60 2 A
TEAHOCHE. 28 ERTIR, G fd AR . I el 5 ik
HAFIR L 2 IR %) DTFA HfE A B8 35 A [F) 72
JEE (1 e 2
4.6 FHERBAIXILL

N TR DTFA st thfe 5k 2 25
KRR, AR ZEEMN | EZREEINZE 6 245
SIHEATIRAE, AR E N 10% [ ETTm1 $#E 5 11
SEIRAE UK 7 .

TR 3 PV AR bR AL A e, AR TR
F 7 HAE AT 1 B AT T - K IH— 4k
bR, Gl 5 s, Hp g 4R oR RMSE, Bk
I8 MAE, 2428375 CRPS. AR¥E B 5 rp 2% il 28 B At
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i H AR SN A

AR, M52 E RN 1 B, DTFA Bk 78 il it
(8] FP 91 B B 245 B, AT TG 25 78 0 R 4% FLAm AR e
BEE R ZE R RGN, 3 AR E TR AR B AR | B A TR
frE s . k2 E 80y 4 i), SRR I R PERE,
M5k 2 Z 0N 5 sE 20, AL R B ETHE S,
BB A LS, ASBOR ST BT, o Ho A
PR RE ™ A 1 SR RSN TR, B A IE ) R 22 R A
FIAE R R _E BRARAR R )4 MR 22

KT BRREN 10% I, RNEKZEZH DTFA /£
ETTm! $#24 1) RMSE. MAE 5 CRPS [P)%) Hh45 5

W72 R EL RMSE MAE CRPS
1 0.1075 0.0677 0.0600
2 0.1042 0.0649 0.0574
3 0.1030 0.0652 0.0575
4 0.1028 0.0645 0.0568
5 0.1035 0.0645 0.0569
6 0.1033 0:0649 0:0571
‘B
1.0 )
0.8
06
BiN
oK
=04
0.2
0t ;
1 2 3 4 5 6
522 2L

K5 ANFEBRZEEHO 3 Bl AN FE b iR 22 1K R0

5 sigHREE

ARSI TS R T A TR PR AL

FAME Y DTFA, 18 i 26 P 4 # S H AT 120 1k 2%
A7 L BRALE Kt ) 52 3 R A S L 5 M
FE I AT 305, r ) B EEREAE AN 2 Ok AR, ARHIT TR 4y
S e 7 R e S % R U
ELAE S) B e i R 2. o DTFA B8 &)
BRI FH 22 OB AR I 25 4 TR0 B [8) 2 1) vh 22 b R
FERIURFAE, 3R] Transformer g5 5% 4 $ A [F) i) (6] 25
FE IR TR AR DS M. 17 DTFA B A8 2 A e DU £3f
FFT RN 3 $odis i S %o, JF A A MLP 5 Trans-
former i A &5 7 > SUECRRAE A 7 78 IR AH S 14 DL S ARG
PE. i, A7 I8 X B S 6AIE ] DTFA /£ ETTml
WindPower 1 Electricity 24 % b Hddi#MERESS LT
HADFELEAR R [F] A JE i v Ak SR 3G UE B T DTFA 0

R A R

TEHU T4 T Y 0 K i 5 WD BRI 5L 8 A W it 20 ) 4
B, MTEY) % s w R b vk T H Al
AL P S R A Y BT G ¥ S I T B bt R D) 24 J2 A i
IS ERR BT AN, DR DTFA R Hb g o 7 I 4 4b
A b B BR AR L 7E A S R AT R B R
$2 = DTFA S0 5 KRB EE S i 1, DL R g i
DTFA [P )Il A4 3 i FE

\

2% 30t
Wen QS, Sun L, Yang 'F, et al. Time series data
augmentation for deep learning: A survey. Proceedings of the

—_

30th International Joint Conference on Artificial Intelligence.
Montreal:  Artificial Intelligence Organization, 2021.
4653-4660. [doi: 10.24963/1JCAIL.2021/631]

2 BRI, VEA, BB, AR R S I G SR T VR SR
HEHLRE SR, 2021, 15(7): 1207-1219. [doi: 10.3778/
j-issn.1673-9418.2012062]

3 Yang JS, Shao YH, Li CN, er al. A multistage deep
imputation framework for missing values large segment
imputation with statistical metrics. Applied Soft Computing,
2023, 146: 110654. [doi: 10.1016/j.as0¢.2023.110654]

4 Che ZP, Purushotham S, Cho K, et al. Recurrent neural
networks for multivariate time series with missing values.
Scientific Reports, 2018, 8(1): 6085. [doi: 10.1038/s41598-
018-24271-9]

5 Yoon J, Zame WR, Van Der Schaar?M.\LEstimating missing
data in temporal data streams using multi-directional
recurrent neuralhnetworks, IEEE“Transactions on Biomedical
Engineering, 2019, 66(5): 1477-1490. [doi: 10.1109/TBME.
2018.2874712] '

6 Cao W, Wang D, Li J, et al. BRITS: Bidirectional recurrent
imputation for time series. Proceedings of the 32nd
International Conference on Neural Information Processing
Systems. Montréal: Curran Associates Inc., 2018.
6776—6786. [doi: 10.48550/arXiv.1805.10572]

7 Luo YH, Cai XR, Zhang Y, et al. Multivariate time series

imputation with generative adversarial networks. Proceedings

of the 32nd International Conference on Neural Information

Processing Systems. Montréal: Curran Associates Inc., 2018.

1603-1614.

Luo YH, Zhang Y, Cai XR, et al E’GAN: End-to-end

generative adversarial network for multivariate time series

oo

imputation. Proceedings of the 28th International Joint
Conference on Artificial Intelligence. Palo Alto: Artificial
Intelligence Organization, 2019. 3094-3100.

9 Fortuin V, Baranchuk D, Réetsch G, et al. GP-VAE: Deep
probabilistic time series imputation. Proceedings of the 23rd
International Conference on Artificial Intelligence and
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networks in time series: A systematic literature review. ACM
Computing Surveys, 2023, 55(10): 1-31. [doi: 10.1145/
3559540]

Vaswani A, Shazeer N, Parmar N, et al. Attention is all you
need. Proceedings of the 31st Conference on Neural
Information Processing Systems. Long Beach: Curran
Associates Inc., 2017. 6000—-6010. [doi: 10.48550/arXiv.
1706.03762]

Wen QS, Zhou T, Zhang CL, et al. Transformers in time
series: A survey. Proceedings of the 32nd International Joint
Conference on Artificial Intelligence. Macao: Artificial
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Shan SY, Li Y, Oliva JB. NRTSI: Non-recurrent time series
imputation. Proceedings of the 2023 IEEE International
Conference on Acoustics, Speech and Signal Processing.
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based diffusion models for probabilistic time series
imputation. Proceedings of the 35th International Conference
on Neural Information Processing Systems. Red Hook:
Curran Associates Inc., 2021. 24804-24816. [doi: 10.48550/
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Zhou HY, Zhang SH, Peng JQ, et al. Informer: Beyond
efficient Transformer for long sequence time-series
forecasting. Proceedings of the 35th AAAI Conference on
Artificial  Intelligence. Palo  Alto: AAAI, 2021.
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worth 64 words: Long-term forecasting with Transformers.
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Learning Representations. OpenReview.net, 2023. [doi: 10.
48550/arXiv.2211.14730]

Li Y, Lu XJ, Wang YQ, et al. Generative time series
forecasting with diffusion, denoise, and disentanglement.
Proceedings of the 36th Conference on Neural Information
Processing Systems. New Orleans: OpenReview.net, 2022.
[doi: 10.48550/arXiv.2301.03028]

KRS, 10505, SR AR, A5 LTI B2 2% 2] ¥ U R 0 $
P A () R AR I AN 7 3. TR R SR, 2022, 31(4):
221-228. [doi: 10.15888/j.cnki.csa.008493]

Iwana BK, Uchida S. An empirical survey of data
augmentation for time series classification with neural
networks. PLoS One, 2021, 16(7): e0254841. [doi: 10.1371/
journal.pone.0254841]

Iglesias G, Talavera E, Gonzalez-Prieto A, et al. Data
augmentation techniques in time series domain: A survey and
taxonomy. Neural Computing and Applications, 2023,
35(14): 10123-10145. [doi: 10.1007/s00521-023-08459-3]

100 Z %% # System Construction

21

22

23

25

26

27

28

29

30

31

Yoon J, Jordon J, van der Schaar M. GAIN: Missing data
imputation using generative adversarial nets. Proceedings of
the 35th International Conference on Machine. Stockholm:
PMLR, 2018. 5689—-5698. [doi: 10.48550/arXiv.1806.02920]
Miao XY, Wu YY, Wang J, et al. Generative semi-
supervised learning for multivariate time series imputation.
Proceedings of the 35th AAAI Conference on Artificial
Intelligence. Palo Alto: AAAI 2021. 8983-8991. [doi: 10.
1609/aaai.v35i110.17086]

Yildiz AY, Ko¢ E, Ko¢ A. Multivariate time series
imputation with Transformers. IEEEy Signal Processing
Letters, 2022, 29: 2517-2521. [(fbi: 10.1109/LSP.2022.
3224880] >

Du WJ, Coté" D, Liu: Y. SAITS: Self-attention-based
imputation for time series. Expert Systems with Applications,
2023, 219: 119619. [doi: 10.1016/j.eswa.2023.119619]

Rasul K, Seward C, Schuster I, et al. Autoregressive
denoising diffusion models for multivariate probabilistic time
series forecasting. Proceedings of the 38th International
Conference on Machine Learning. PMLR, 2021. 8857—-8868.
[doi: 10.48550/arXiv.2101.12072]

Kong ZF, Ping W, Huang JJ, et al. DiffWave: A versatile
diffusion model for audio synthesis. Proceedings of the 2021
International Conference on Learning Representations.
Vienna: OpenReview.net, 2021. [doi: 10.48550/arXiv.2009.
09761]

Liu MZ, Huang H, Feng H, et al. PriSTL: A conditional
diffusion framework for spatiotemporal imputation.
Proceedings of the 39th IEEE International Conference on
Data Engineering. Anaheim: IEEE, 2023, 1927-1939. [doi:
10.1109/ICDES55515.2023.00150] :

Liu YK, Yu R, Zheng S, et al. NiAOMI: Non-autoregressive
multiresolution séquerice imputation. Proceedings of the 33rd
Conference on Neural Information Processing Systems.
Vancouver: ACM, 2019. 11238-11248. [doi: 10.48550/
arXiv.1901.10946]

Dong JX, Wu HX, Zhang HR, ef al. SimMTM: A simple pre-
training framework for masked time-series modeling.
Proceedings of the 37th Conference on Neural Information
Processing Systems. New Orleans: OpenReview.net, 2024.
[doi: 10.48550/arXiv.2302.00861]

Lin LQ, Li ZK, Li RK, et al. Diffusion models for time-
series applications: A survey. Frontiers of Information
Technology & Electronic Engineering, 2024, 25(1): 19-41.
[doi: 10.1631/FITEE.2300310]

Ho J, Jain A, Abbeel P. Denoising diffusion probabilistic
models. Proceedings of the 34th International Conference on
Neural Information Processing Systems. Vancouver: Curran
Associates Inc., 2020. 6840-6851. [doi: 10.48550/arXiv.
2006.11239]

(B T 5K HE)

© TEREBIK R

http:/fwww.c-s-a.org.cn


https://doi.org/10.1145/3559540
https://doi.org/10.1145/3559540
https://doi.org/10.48550/arXiv.1706.03762
https://doi.org/10.48550/arXiv.1706.03762
https://doi.org/10.24963/ijcai.2023/759
https://doi.org/10.24963/ijcai.2023/759
https://doi.org/10.1109/ICASSP49357.2023.10095054
https://doi.org/10.1109/ICASSP49357.2023.10095054
https://doi.org/10.48550/arXiv.2107.03502
https://doi.org/10.48550/arXiv.2107.03502
https://doi.org/10.1609/aaai.v35i12.17325
https://doi.org/10.48550/arXiv.2211.14730
https://doi.org/10.48550/arXiv.2211.14730
https://doi.org/10.48550/arXiv.2301.03028
https://doi.org/10.15888/j.cnki.csa.008493
https://doi.org/10.1371/journal.pone.0254841
https://doi.org/10.1371/journal.pone.0254841
https://doi.org/10.1007/s00521-023-08459-3
https://doi.org/10.1007/s00521-023-08459-3
https://doi.org/10.1007/s00521-023-08459-3
https://doi.org/10.1007/s00521-023-08459-3
https://doi.org/10.1007/s00521-023-08459-3
https://doi.org/10.1007/s00521-023-08459-3
https://doi.org/10.1007/s00521-023-08459-3
https://doi.org/10.48550/arXiv.1806.02920
https://doi.org/10.1609/aaai.v35i10.17086
https://doi.org/10.1609/aaai.v35i10.17086
https://doi.org/10.1109/LSP.2022.3224880
https://doi.org/10.1109/LSP.2022.3224880
https://doi.org/10.1016/j.eswa.2023.119619
https://doi.org/10.48550/arXiv.2101.12072
https://doi.org/10.48550/arXiv.2009.09761
https://doi.org/10.48550/arXiv.2009.09761
https://doi.org/10.1109/ICDE55515.2023.00150
https://doi.org/10.48550/arXiv.1901.10946
https://doi.org/10.48550/arXiv.1901.10946
https://doi.org/10.48550/arXiv.2302.00861
https://doi.org/10.1631/FITEE.2300310
https://doi.org/10.48550/arXiv.2006.11239
https://doi.org/10.48550/arXiv.2006.11239
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

	1 引言
	2 相关工作
	2.1 时间序列插补
	2.2 基于注意力的时间序列插补
	2.3 基于扩散的时间序列插补

	3 方法
	3.1 任务定义
	3.2 线性插补模块
	3.3 DTFA模型
	3.4 时域注意力模块
	3.5 频域注意力模块

	4 实验
	4.1 数据集
	4.2 评价指标与实验细节
	4.3 基线方法
	4.4 对比实验
	4.5 消融实验
	4.6 残差层数的对比

	5 结论与展望
	参考文献

