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Abstract

This article aims to address the issue of missing value imputation in multivariate time series data
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to enhance the effectiveness of imputation. Time series data, widely utilized in Internet of Things
(IoT) applications, reflects the outcomes of random variables changing over time. However, data
missingness poses a significant challenge in time series processing, as most downstream algo-
rithms require complete data for training. By summarizing past imputation methods used in time
series modeling and improving a Transformer-based imputation model, this paper validates the
effectiveness of the proposed imputation model across multiple datasets. The research presented
in this paper can improve the accuracy and practicality of time series prediction, providing prac-
tical value for time series analysis in IoT applications and other domains.
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Figure 1. TransInputeNet model structure diagram
1. TransimputeNet & B £E#[&

4.3.1. Embedding &
Embedding /z B 4 ik Z R4 S\ RIS 8] PP 51 B i BIE ) IR 7R B 4E S R e, 54
Transformerti BUAR[E], A4 3% 1 &4 Positional Encoding (17 & 4ifi%))=, B /EEmbedding/Z 5| ANV &
R, K421 3 B maskHE FEmissing mask5 JE 4G KR XTE Variate 4k A E R AL, FF¥ Variate4EFE1E R
HEENEWRMASES F—rBIEHE, mARRIRIRNGFIEIHE AT
concat_X = Concat(X, M) @)
Concat Wi E, KXIIBRAL BE BEMEFRIX, H TR 205 B G R, B9
A KA.
E= Dropout(Embedding(concat_x*)) 4
concat X" JyX#4 Time 5 Variate 4N 45 FF &2 e 2 5 i 45 5
EmbeddingJZ 153 £ {1 45 JREH N\ & £ /> Attention-CNNZL & B rf,  fFKNACB, A JR 46 Transformer
HAR AT R ) b 25 2544
4.3.2. Attention B

152 YEmt P it b, Attention )z I T4 Variate4E 2 2 K8 & o 1ZJRSIN T 2 KIERJILE], fovr
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AR AR R AR e, FRATTIN T AR MRS E
Xy = LN(X + Dropout(A, . )) 9)

X = Dropout(ReLu(Conle(XLN ))) (10)

conlv_1

HTEM ﬁeﬁﬁ’ﬁ%ﬁ BRI RENS AT RO AN 7 5 P R . 35, AT BT B#
4, L PERGER S AERF AL MU [P SR 4 . AR RS I A R E AR AR AR B, DA R
PR E @%DEHE’JUII%AI% CNNJZ I GIN & 1L SR AR i P 5080 5 AR I (0 AR BE 77, AT 32
AR ERE . AT CNINIM 2% B e i Transformer JFUAA R I 15t 4230 £2 W0 25 )2

X = Dropout(Conle(Xconlu)) (11)

conlv_2

Xout = LN (XLN + Xconlviz) (12)

4.3.4. Attention-CNN Block
ACBZ BRI SR R (R OB 2 A, B7 D R U 7 308 1 OB iE . LR ACB HH £ J22 Attention /2 FICNIN
JZER BRI AL, AR RYLE 2 HEmbedding )2 5 12 MACBZH

7= [Conle(MultiHeadAttention(Xm,l))]N (13)

X, =IW, +b, 14)

I I MCNNALEI IR S, ACBRIK T 1 R AA I SC BN (AR e 70, AT 3R 1 A
MZACHET T

4.35. P ERIEAD
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Hrh, zRRZRACBIIHINEHEIAR, W, b, 23 55 s 28 1 2 O R A
SRS, IR A 4 A A TR AB i N XN 55— B Fl i HE X e
X, =MoX+(1-M)oX, (16)

XH, Mook, fCEMissing Mask, F T & nmask b B 5 088 (B B, Xn&m
2 E 5 — W B AN S HRFIER R, (16)30RIReplacet . #4145 F AN 75 B 41 150 73340 A B S .
W BAEA K B T B BAE MO, [F RS — B i B 3N T ReLU R £
RLeME AR . H g
X, = ReLu(aW, +b, )W, +b, (17

Hr, o ZReLUREIMZHEL, W,, b,, W, Flb, 5/ 5 ALtk A4 Ar 5 B R A &
e, FRHJOR P S S5 1 R IR o A XN 55 — i B 1 H X :
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T PR BOE AN, AR T 05 7E 4R BE R AR AL ) FE A L, B F ACBHR B 4 R 347 #b 72 AN 22,
T 55 7 AT S5F e [8) e 1) B0 ) A e 7 o
4.4, LB

AR RES LT, S5 SAITSHE R K3 #MT AN 3 245 R PR 45k BR 04 & 1 SR
AT L FLR EHR AT TR, iR TR, BEERRIBCIEANN RIS RS S, Wi TR

Fi:

J

L OXR) = e R R, 9

=

LoAFE MR R, Rt Hmaskic B2 A8 25 208 B SN E E I AR i 0, A xR R 4B %k
5, X ARG RESE, RICEEIE A H R 15 2] fReal Mask, MfLFEMissing Mask, H it maskid
FEFR AL EE i R B AR AL B, DRI ST B A S X R

%(K*):J;5iixxu—&J‘Mn (20)

LoAEEESHR, BLAFE, &R EmaskE/ERT G ARG AR B0, T RoRBi &) %
PRI P BB 1 RE

L=Ll(x,xom)+/lLZ(X’X1)+L2(X1X2) (21)
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LDk s B, A B EAUR IO L, X R IRATHCA 91, BRI 1 27 2 ) BEAA T e 4
Paiae S, SCRESRERZALTE, X — 40K BRI BT 5 A6 T AR R 30 Bk O A 3 e T AR B A I e £
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5. SCIO4ER

T AR B ) B R B, SEERAE SR E AN R ST P AN A S A A — A B A TS R AR
F Tk #Pa4E i3k47: Beijing Multi-Site Air-Quality, PhysioNet 2019 Mortality Prediction Challenge, i 4%
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Tk S 5 .

Beijing Multi-Site Air-Quality (Air-Quality): a4 L HEIL 5124 W Ik (1) /N 2 005 et . 4
PSSR 7] 920134E3 1 H 22201742 H 28 H (3548 H) o X TSR IIG, A 114N IESE I I 7] /7 51| 2 &
BB (1 IIPM2.5. PM10. SO;). AR AR B AE i, FIb B EA 182, %
e LA 1.6%M BT . AR B[R] AR AR A, FRATIE P24/ N (8 d, Bl fg244~ &80
BAEN— AR . 5HAESPhysioNet-201228 0L, FRAT 4% RECRFE S 220 2, REUENLRI /M2 254, Mk
4, I8IFSE, 5PhysioNet-2019%4 4 b A AH ] o

PhysioNet 2019 Mortality Prediction Challenge (PhysioNet-2019): a4 4155k [ 1CU (B AE M40 %)
H11140,0001 2 A8 B PRI (8] 7 AR AR o AR 38 PIRES , B 2 A 39 [A] 7 H11 A8 S Al &, 91 2l 3
O s INERT AE DA E 18] R (RN BB RO, I A AT g AAS I 8] B (10 44 75 2R ) 1d 3%
HAEFTEFEAREA T AR H . ZEBIREIEERR, SRR Z N ESREERE ST 790%. &
AT S B EL T BT 10 B it 484N /NI FB S A IR LR A I 2R 4, KR ¥ 80% 120006 K 42 43 A Il 2R B
MEREE . R, MINZREEH 481t 25% IIRE AN N IRIESE . FRATTBEALINBR 7 S8 F S R o — 52 LhAgil
MOVRSRAE,  FRA8 X S 1 Dy v SRV A B P 4k i

i A% TV I 7K 2 B R B 1 R 3 4K bR K £620224E5 H 7H — R I 77 AL IR 380 5%, 194585,032
AN WP RE, Ak, A EIAL500 MR RS, AL T H A AU A AR R 4274, I
HHR60N A — IS AL AL /Ry &, FIRELAS LRI LRI I 2 4E . IR4E . BiF4E.

FAT PR 2 A A BE I FE AR : RMSE (P 7 iR Z) . BA R RPN RAR 030 8 o TR, 1L
775 FE A H N P RS FE R O R 2

d

SOy (((estimation-target) o} mask)2 )I
2 2 M

estimation: FRo/nfli T (EBIGE#ME, target: Ko HARME, EPESNE, mask: D, HTHERmpLe(E
MBS IEEN, D: RABIERILERE, T R E2E . RMSER R T iHES B FrE A1)~
TR zE, Hrp AR T AR R .

SEBR A P AR AR U AT B AN B (1 2

T ()1 REBEAE SRR I I T Z AR 22 . RO A N0, 1 1S I 30,90, AL F Fig s (B #0852 B 16 m
Pk, BE A B R AR R BB, AT A D e T P

LOCF#Last Observation Carries Forward, & FH T — /MO EEANE PR GRAE, HARBIAY YY) 7
B34 K2, TransimputeNet & A8 S 8 . A e F IR AU HAT — e AR, st S 3ot bL g e ik
TransImputeNet?E i b L i B AR BRG] .

MR SLIR 25 R ehs, BATT MBI FEERA R T S MER I MERE. RIS, BB LA [F]
FREEF R I AN I RMSEFRAME R R,  FRFMEB AR R M e LT

WNFLE RS, I AEUE TR NSO T, fEAIr-Quality 505 55 F 2 MEARIHET T ifihseat, 4558
7R, Air-Quality %3 55 B2k AL T0.805, TransimputeNet #5171 11 RE & S 1 1, iX 2% B TransImputeNet
FENCFR BRI I R P T IR SR A AL F7, 1B R AEAIr-Quality 3 £ b it 2180% 15k g Z I 1 A st HoAh R A A
BT R B, X R B TransimputeNett Y 78 A iy i 2 258 6 I 2508 (4t M SR A XS 534« DAAdih s ie A 5 R
I IISAITSIERUVE A3k, TransimputeNet#H ELSAITS, 7EAir-Quality 35 4 b A3 #h RO R B3R T+ T
1.73%, FEBRRF N0 00 FIRTHR K LINT.73%, FEERSLZ N0.9M 5L TP REFFMK T £916.97%.

(22)

RMSE (estimation, target, mask ) = \/
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Table 1. Performance comparison table of various models in the Air Quality dataset
= 1. Air-Quality 3B T S1RBA M REEL B SR

Air-Quality Zi#i HE Lk 2 LOCF GP-VAE BRITS SS-GAN SAITS TransImputeNet
0.1 0.5130 0.4383 0.3716 0.3684 0.3414 0.3150
0.2 0.5387 0.4682 0.3751 0.3881 0.3479 0.3209
0.3 0.5664 0.4801 0.3930 0.3972 0.3605 0.3343
0.4 0.6001 0.5126 0.4301 0.4348 0.3921 0.3708
0.5 0.6763 0.5424 0.4574 0.4617 0.4146 0.3959
0.6 0.6804 0.5846 0.4958 0.5101 0.4539 0.4385
0.7 0.7537 0.6227 0.5173 0.5410 0.4689 0.4667
0.8 0.7916 0.6718 0.5817 0.6048 0.5238 0.5449
0.9 0.9010 0.7566 0.6736 0.7047 0.5941 0.6949

IR T Z MR LEPhysioNet-2019% 4 48 L RHEANECR, ANE T Air-Quality 54 48, AR IR SLER
TransimputeNett5 24 14 £ R B 5 T~ B AT 250 AU s i I SAITSHE AL, fEPhysioNet-2019%#5 42 1)
FEAMCRAI R T SAITS, i KIRTH A AR B2 %8031, 3271 175.19%, fit/MRETHE AR B2 % 0.9,
2T+ T70.18%, “FHIHEE 7 2.53%.

Table 2. Performance comparison table of various models in the PhysioNet-2019 dataset

5z 2. PhysioNet-2019 #IBE T =B A M sEEL I TR

PhysioNet-2019 $#li£E5k2k#%  LOCF  GP-VAE  BRITS SS-GAN SAITS  TransimputeNet
0.1 0.5983 0.5728 0.5639 0.5962 0.4617 0.4469
0.2 0.6092 0.6076 0.5746 0.6122 0.4850 0.4616
0.3 0.6359 0.6035 0.5874 0.6417 0.5050 0.4788
0.4 0.6507 0.6496 0.6121 0.6439 0.5150 0.4957
0.5 0.6551 0.6542 0.6291 0.6631 0.5320 0.5290
0.6 0.6890 0.6912 0.6503 0.6865 0.5573 0.5419
0.7 0.7143 0.7168 0.6904 0.7197 0.5778 0.5730
0.8 0.7565 0.7574 0.7087 0.8150 0.6133 0.6041
0.9 0.8270 0.9620 0.6806 0.8343 0.6663 0.6651

L3RR T 2 MERMEIE AT WK M & EIRHRANECR . SRTNEBUREAR, A0 7 P R e
PR SRR M RCRESAITS A 1 s (M8 T, 10 HLAE S0 T Y A sk R F B DL T 00 T HARBR . #EiE
AT K 2t g EIIRANSCRAHEESAITS, “PI3RT) 1 4)11.86%, R KIRTH AR AEAEBRA K090, 2

T+ T £)15.11%, /T RAETERR K Z0.16], $F+ T £16.60%.
Air-Quality #4545 b 5 5 R AKX T-0.8HF, TransImputeNet#%: 7 [ 4

fiE A&

AR, X RYIAHE T

TransImputeNet45 8 75 AR AR I R I T IR SRR 77, (HI27EAIr-Quality 5 H 4 I it 2180% 5k 2k %
I R HA AR R A i T B 3X 3K B TransimputeNeti 284 78 A% ik 2k 356 T X £ i B FH AN 52 36, (H2 AL

RIRARTT LI RZ -
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Table 3. Comparison table of performance of various models in the paper industry dataset
3. BT HBIBE T X R ML RR

TEAAT W B s ARk 2k 22 LOCF GP-VAE BRITS SS-GAN SAITS TransimputeNet
0.1 0.5043 0.5347 0.4213 0.4047 0.4075 0.3806
0.2 0.5094 0.5070 0.4340 0.3886 0.4229 0.3777
0.3 0.5103 0.5588 0.4422 0.3972 0.4296 0.3843
0.4 0.5139 0.5044 0.4511 0.4348 0.4412 0.3860
0.5 0.5181 0.5045 0.4636 0.4632 0.4508 0.4000
0.6 0.5278 0.5062 0.4743 0.5098 0.4613 0.3939
0.7 0.5447 0.5424 0.4968 0.5409 0.4712 0.4080
0.8 0.5708 0.5237 0.5299 0.6048 0.4905 0.4318
0.9 0.6287 0.5558 0.6058 0.7024 0.5216 0.4428

IR A Tl 37 55 v H B o v il 2 6 () I 0 A L 2B /D 1), ek 5 5 s B 1 4 &, T DA IR Sk
K, FZ JERFAE— @i Z A, T PATransimputeNetE i Bl 2 26wl G H B 28R T B o 4 b ol =2 1) s
AR MRS e, USRI A AN E, B R AR ] BR S INAR

[E]iF, TransimputeNet?E 4b 22 PhysioNet-2019% 45 £ 5 16 40T Mk B HE £E i SR 30 HH A5 o A P e AR A e 1tk
LT EARG RAFHIRCR, TETIRT 4 B2 (i 7 B0 SR R T 25, RO B 1 AR 1S 2 S ML
LR 4 R X — AR B AR, T B Sk Tk s M AR IR SR EE R E W RIE 2, P TransimputeNet
EARHRIT EAE . 47 BRTIR, TransimputeNet? K2 375t T (I 7 S8 3 kM SUR BR8N R AT

6. iHRASCE
T TERAT AR o ) SO 15 AR S i At T SR«

T RSG5 AN AR, N T KRB TransimputeNet i ¥ IR ARk, FRATREL T 78 b S0 526 45
rh R BRI R Alir-Quiality B35 45

Table 4. Ablation experiment
Fz 4. JHRLSCLE

Air-Quality HH £ 5Kk % 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
TransImputeNet (without fliped) 0.3327 0.3376 0.3632 0.3946 0.4159 0.4607 0.4666 0.5359 0.5843
TransImputeNet 0.3156 0.3206 0.3348 0.3705 0.3947 0.4385 0.4666 0.5444 0.6954

TransimputeNet (without L) 0.3264 0.3327 0.3458 0.3836 0.4138 0.4573 0.4862 0.5635 0.7009

7 b3 45 3 h TransimputeNet (without fliped) U A8 FH #14% (1) TransimputeNet, A3 2 i & ik
SRS [ RRE 17T PPN 32 B2 B A 1 SR 4 Transformer 45 4, TransimputeNet (without L)1t 2 KA F L4
2 i TransimputeNet.

B TransImputeNet (without fliped)-5 TransimputeNetfI%F b, B L H7E S A7 F-0. 7 5 Ak A
AN R JL 52 A A R, {H A2 7E0.7 LA T TransimputeNet i 2% 5 5t 58 4= 4% %6 T TransimputeNet  (without
fliped), #%% 4R AE 15 TransImputeNet7E K73 15 0 T SRS 2 1 B0, il ey (1 B R SR AEFRAT TG
PR SR AT W, ISR B, BRI E R SRE R, B, AR A
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SE N,
JE T TranslmputeNet (without L,) 55 TransimputeNet f %F tb, 7 DLE H7E 4 30 O B 2k R B L R
TransimputeNet )8R 805, UL B R BN PR e T 3R

7. REERE

SR Y OB S RT REAFAE R RS IE DL, PLAn U 4 rE R, XA O — M A MEL
ERIR KIS R, AR ER, BT,

B 50 DR B W D o A KT B I R AT 55, FRATTVRCHL 1 B S el 93 P SR AR G T R AR
Transformer, IZRH THEAMERY, $&i5 7 2 4L PR G4 8UR «

R TR B R AERE— D3R S I 1] 5 21 50 1 M TR ARy PR AR b AR IR HIH R A b 52 56 1)
ZER AT LA Y, TransimputeNet{k S8 FL A B K k0 25 (8], TEARYE S /N AU 46 1, THIAH s I Bk 2R
TransImputeNet )R A2 225 N B, I 575 2205 Bl AR FE 2 2] 3 A M AL R L B 340, 5 e
A 56 B AMTE S5, BITLL, ARG HEAT DL R 5 TH AR 2R«

TEFEAME AL ZE 44 b, 4845 TransimputeNetiE AT s , 38 it 505 30 A R B 5\ LA RSB 58 35 & 1 g
71, HIEZFERAB N R A R IR

FEFE AN B, 38 P AR RE 3T 1) B AECK: TransimputeNet 5 Al A 75 (I i f MRS DL b 7 202 A7
SRiF, SEEEEARRTERE, I H A 2 ARk TR 2, SRR A RE

B O

G E AL BRI T A IR PR RIR IS IR, R DU R Tk T,
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Wi ENELERES, ABXTRATIER KR E &2, AR &R ET L TAT L, RIS, £
WX IR RS, FEER ML HERIRT T S DTS T 7 RBOES, R SCE
A SE R . AF AR R AR PG 162 R BLUEO TARRR DR 5T, RT3 T3, ik
N 2 5] RS

Hok, WERGS T 5SRIFRF . IRV, IR TAERFEE]. EdEN=8MtHE, &
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