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Abstract Time series is widely used in real world with many applications nowadays. By developing time
series forecasting models, we can predict how the time series evolve in the future, which provides support
for decision making in different scenarios. Many models have been proposed in literature. Existing studies
on multivariate time series forecasting either cannot take both times series and covariates into consideration,
lack interpretability, or ignore global trends across multivariate time series. To solve these issues, we
propose a new deep learning based multivariate time series forecasting model TEDGER (Tensorized
recurrent encoder-decoder framework with global patterns and residual forecasting). TEDGER can capture
sequential patterns hidden in individual time series and can extract global trends hidden across multivariate
times series. Specifically, our proposed model follows encoder and decoder framework and we adopt
Tensorized Long Short-Term Memory network as the basic processing unit to provide the model with
possibility to distinguish the importance of different features. The encoder is designed to capture sequential
pattern hidden in each time series, in which two different kinds of attentions are designed to weigh the
importance of historical information and covariate information, offering interpretability to the model in the

same time. Global change pattern hidden in multiple time series is extracted based on temporal regularized
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matrix factorization. We further propose two different ways to combine sequential pattern and global trend

to make residual prediction for final time series forecasting, which correspond to two variants of our

proposed model: TEDGER 1 HI TEDGER II. We provide time complexity analysis of the proposed model.

Meanwhile, we conduct comprehensive experiments on real-world time series datasets to evaluate the

performance of the proposed model. We compare the performance of our proposed model with eight

benchmark models, which belong to three different categories. The comparison results demonstrate superior

performance of our proposed model over benchmark models. Ablation study is conducted to evaluate the

necessity of the global pattern exaction module and results confirm its benefit. We also check the impact of

different input window size and different future steps in prediction on the model’s performance. Case study

shows that our proposed model can explain the forecasting results to some extent.
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P AL [ A 1 S AR B A, 7R3 0 4 Ry R AE A
PPN Z A, HHEREARNERFLS, %
T A Sk 1) B 5Ly 8 SR BT ) Z [ 22 (Egk
25 ) BIAT. SRR b TR0 A fe Y 51 B R A
D] Sy e 35 1) 14 IO FH BB 8 A T000 R 5K 1) I 31) 12 4L 35
ARG A SOHE B FHT I Rl A 42 R RRAE 1 5k 22 T
A1 4y 4% & TEDGER 1.

7 TEDGER 1 H1, i Fi#a# )7 51 J& 4 UL TRMF
132 B P SRR IEAE AR A B, T3 S RRAEASBE
AR L, X AT RE S EUE T R AT SR, KRR
SR R R AR PR A5 B TR AR SCis i 1 55 A —F
G HUESHFIN I . FIH—A LSTM Ziht 25K g

WERE B FS pir , IFRLTHRR 2 RAEIE S
AL
hy =LSTM(;1)
wqy =Wh, (18)
Y =wyGir

e LSTM 946 i) 2 807 JE AT 485 75 ) 2 50— [l
3] S A I G B B R 4% 75 43 ) B I
Fr 8] T A 8% TRMF S8 640 i 1 31 1 2 T
HEA I A 1R — RO, AT H T A
FH PR FVRHAE M AT, RERS BT 4T & 4 BT 11 R L.
1T 8 7 9 34 A A 90 1A 900 A58 K g
TEDGER II.

33 TEDGER B 53 3 HOM BT 45 19 M A FF 5],
b AT LA BT A E B A TSR P, =
[ irees s M e 1T AR SO R 7 152 2 40y R
PR AR 2 PR

M T+t

_ 1 m  ~my2
LTEDGER__MXTZZ(yt -%)

m=1t=T+1

(19)

33 REFMERAVRER

B T 45 RSk e 81 A — B ] P9 B T 45 2R 2
Ab, BERLR AT R AR R SR R B B9l R
TAE, — A B ST R BT R B 2 )
BRI A Sk 9 Z TR AR SR, g il MR
OX A TP AR Tk K. A SN A A
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JE A 25 i AR A ) T 45

£ TEDGER A, i 1AL B W i3 53 L
il Pt T A7 O P AR JE X A AR A . AR
eV, AT LA AR Y S 400 B R B 3 R 0 AR
a(mw,i, j,n) RIS 3 AR Amw,n, j) .
mw,n 7 AR IF S W O AP R RG],
0§ D03 00 6 07 A 3 Bl 1 I G R 4 R i A
WHBTE R a(mw,i, j,n) fC R AN T4 mAS
FEANREE w AN Sh B D s n MR, D7 S
()25 0 % T fth g b 55§ A1) 25 A T Y TR
1M A(mow,n, ) TR SR TESE m AN F 55 w A1
I, P n X TR A e | AN 2P
B e 2 W 2521y B ok, i ad i A5 AT LA
A, FED A, DR B A IR P AR F T S5 AR
USRI 45 SRR B ARG Y, DA A R s A

BT R A, FRLUE =R ok g
T T B A AR 110 0 0 45 2R

(1) - & E M ( Variable Importance )

M W ¢

M ><\1N>< T Zzz‘ﬁ(m’ws nj (20

m=lw=l j=1

B(n) =

AT (20), AL BIEME & n 7RIz 8 R 4R
R TTER, BTSSR B
7L B ) T B R 4 1 TN 45 SR e o Y.

(2) BHPEEM: ( Temporal Importance )

M W N
a(i,j)=m;;;a(mw,i,j,n) 1)

AT (21) TR Y A i B B B[] 25§ %
T ER BB | AN ] 2E 0 0 A - X Tmk, X
S e 7 A AD BIRSES  F  AB T R T £

(3) EEFH 459 ( Significant Events Mining ).

TP A3 AT A B R O R A — AN B
T PN 5 I ] 20 I e EE 2, SR ITTE — Bl 4R
B T) A 4 5 SR S AT X TU 45 2R A o
HISZIA . AR SCS 2% SCHR[STITEE 0 5 i, 43 AT B ]
FPol by SRR (EIRIRIZNI S )

XTFWEh e 0w, BRI E O T AR
()25 A IS P i A A )

M N
. 1 -
d(Walyl):—E E a(m,W,I,j,n) (22)
MXNm:In:l

aw, j)=[aw1,j),-awT, )] (23)

FIEIA R SE O, WIHES R b

a(j)=[aq j),-am,j] (24)
Wi 5 ) P £ 2R 50 A 16 22 [ O B s

_
dist (d(w, ),(])) = Jl—zx/o?(w,i, Dai.i ©s)
i=1

WARAEFAE P90 3 T RN 3l , 7%
1R T ) B ) e 22 5 A 7 B A ]
A BORBER], 1207 2RT DL S A 5).

B JEAZ T 1 TN ) B A AR R] 2, 3SR F
BN R R

(W) ==Y dist (& ).@()) (26)
j=1

WAy (w) KFEABME, A2 WA 7ERE H w
PR T B
34 HBISKE N

BT — IR A M e, fEAR (1)
LI AN A e RIN+DAX(N+Dd+N+D) b . b Hl
by e RN A TLSTM 55 H 454N % RE
ZHE N (N+)-d-(N+Dd+N+D)+(N+1)-d =
(N+D*-d>+(N+D?-d+(N+1)-d , 2 D=(N+1)-
d, WEEAS TR S50 D +(N+1)D+D =
D*+ND+2D. Wik, A (1) MK =102
i h 3(D? + ND +2D)=3D? +3ND+6D .

AR (2) ~(4) '43, WCER(NH)xdxd , UCE
RO o B o (N+1)-d-d+(N+1)-d + (N +
1)-d=D?/(N+1)+2D.

HFAR (5) ~ (11) RAFEE T,
T £ B 2538 70 I A B — i K T i o,
IS HE ] 2R AT LR~ TLSTM It &
Z3[a) SN (3+1/(N +1)D? +3ND +8D .

RREAY I B) A2 2= DT, XA (1) Rk, &
A TLSTM HocH BTt E 8 R E R
D*+ND+2D. A (2) ~ (4) h, IHEEEN
(N+D-d-d+(N+1)-d+2(N+1)-d =D? /(N +1)+3D.
HAR NP S EE v] Z0EA T, BOBA ) S
S8 29 O(D* + ND) .

4 WS
41 WK E
AT IS UEARS SCAIT AR A TR, A SO

TP BLSE SR S [ R R A, AR
AT BN 1 PR,
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Biak  [EIFE K P B G0 Bk . N ‘ ‘
Live600 & 31 3 54 T 7 bR T R R AR R B P EE AN, R B ]
Electricity /N 26304 321 0 72 24 FROEVE N BN D AS S A DL Electricity % %

Live600. TZE IR T Ak V- A, B
TiZVH 623 NMEZEREA 2017 4 12 AWEHHE
& B BOULE A o B0 H bR, BR T LA I R
ZAN, ZEYEAEA EENVERGE, Hanh
B RO EREARLE . ERE M E RO A

Electricity. Z8EEEH Lai % APHEHER 2
FREESE , 46 321 A% P AE 2012 4E & 2014 4F
BEE/NEE R AR R, it 26304 ANEFEIAE. %8
P P A R A A i

TE X SO R G A 1 R O sh 10 T A4 ik R AT
KRR, W ST N v A — R e ) AT 55 o
B S0 Ty . AT RUF A B A o+ 2 )l
SRAEFIAAE, TR BB IO A S, A
— RN Ly BRI — 2 1 L R 2L
EAER Y M UNGREE | B iF 4 Ak, K5 N
Lirain « Lvatia M1 Lieg - RFEVIZREERS, B JerE Il ZhdE
Sk ER e B 3B — M sl O, WA DK
R SRR ¢ B R SR — N T )
JEME T A, EEBUHES AE T, LU B
HLE B AR IR 5 0 UE B (0 BB . SRS UE
SRR LR, SR ARIRE M Sk, X MR
URBE AR TPoREE N T 40 B TN R4 . 50 U4 A
R T sh e 1. WS90 A sh 0
Y R B B A D R T 4 E A

PL Live600 $#54E A1, EBUm AT HLK A
10, FUAE R 7 B9 shE 0. R FHAT 10 KAYEL
P 2 o 5 i — A O P SUME. X T Electricity Ui
£, R s, AR =K (AL 72) 1)
B 2 IR Sk — R AEEAS/NEE (F2E 1 24 /N6 )
SSEAEiR

HF Live600 st MLEKER R, A%
M 80% (24 K ): 16.7% (5K ): 6.7% (2 K) By
B2 B R 40 43 MR AE | SRS AT A . X
T electricity i, %M 60%: 20%: 20%FH H
TR 5.

Xt TR A A0 A B, SR R IE
— ek, B TAEIE 3] [-1,1] B A
i %

y = n
C max( y' )

JB, EIE AR R AR FENEILH . HNEIL
K. FANEILKR ., BEERR. KNS I
S TAERT ] (F288 9 2= 17 BT . XTI N
[E] P Live600 AR, WA [& 5 0 Pt A 4
fiE. BeAh, ARARAKE: - — [R5 B S E A S —
AN E R AR
ALY PR AR 0 TEAL H8 bR ok AR 7R i
Pk BE , 43 g2 I — 46 33 07 AR % 22 NRMSE
( Normalized Root Mean Squared Error ) F1J9—1LF
Y46 %F 1% 2% NMAE ( Normalized Mean Absolute
Error ), HIFSAXITFA (27) F1 (28) . XH4
Fa bR Je R A = O 5 S Z M iR 22,
IR /N R G

\/Z :=1ZtT=+TT+1( Y -9’
ST o

M T+t o
NMAE = zm_li\AZt_T;irytm R ‘
Zm:th:TH
b G FRIRER mAS IR ] R EER €I ] A5 Y
TOE , v R m IR PSS A ]2 Y
SH.
NRMSE #1 NMAE 73 5l #1 4 F 35 J7 R o= 22
( Root Mean Squared Error, RMSE ) FIFH406 %15
2= ( Mean Absolute Error, MAE) fI45/MNEA, A
W6 Fr ) A2 S {EHUE TS B 1922 1k, RMSE F1 MAE
AR 215 B 2% 5 X, 11 NRMSE 1 NMAE
FE A5 R HU(E PR 2 FE — A AT 2 A R
JIT B ABEAY DL R A e AR AL (1 8 S 44 i g
UEAEIEAT T3 MY A%, %HF TED #%, TLSTM 1y
REORZS4EE d &M 12, dropout HER KB 0.2, X
TR IEE G 7, &RRIENL4ERE d e N 5
(Live600 F#li4E ) (¥ 2& 8 ( Electricity £#4E ) .
ASCAE ] Python 3.7 17, T PyTorch HEZE
WS TR RAAY RS A A DAY . R AL I Sk
T 100 Mgk, If HE e bR ERCR A i Xt
VAR R I i Bl o =19 5 TR U
Adam RIEMSHEL, ) RULEY 0.001.

NRMSE = @27)

(28)

% ‘
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42 XfEEiEHE

AR SOK BT 3R H AR 55 D 5 oA R R A
Ho#s

ARIMAX. ARIMAX AR 25533 5 Bl F- 1)
HIEE ( ARIMA ) BRI % JEHME B A RRAS , 1A
RUB I MGGk 22—, R 3 3 15
WIAE 55 v dse AR I e 1 7 1%

DSSMPL. REEARZS 45 (] #524) ( Deep State Space
Model, DSSM ) f#i ] RNN k4wt isf[a] #51), 4=
MRS 25 AL ) B S50, DA 0 A SR
G B R 53

IMV-LSTMPOL AR ks TLSTM v A F
BAOL B[] A TOAT 55 b, IF HAR 2 vl i e )
o 4

TRMFP, i e 1E AR 450 i ( TRMF ) A58
V8 0 4 43 fife IO FH T v A B 0] 7 87 BUIAT: 55 o, i)
L A 1A R AR [ 0 A S ) B AR

LSTNet™, JZA AU Ff] CNN W 45 45 BUES 51 1Y
A JRyREAE , 38 £ RNN A 3R 42 Ja) R AE b i s 45 2.
A R BT T — AR ER RNN HL, DL $E i ]
P51 v i R A

DSANet?®! ZAF Rl I~ CNN - 145 58 43l
PEECA R 1 AR R A B PR, JFESIAHERSN
BIL T >R AR 5 271 AR

DeepGLO!"), Z IR T Fil TRMF 58146
Mo B, IR P BN (TCN) 0
LM L TR1IE R AR B 4 i v A B AR [] s Al
FH93—A> TCN [0 £ 3f 1500 24 3k 14 5[] 2 5104, 7 4
A TR 25 [F] Aoy AR R 0 i ) FDN A . B R |
— B [H) 25 L.

TCN-MFUSL i 3 45 B 4% %6 14 4> fift ( TCN-
MF ) #5512 DeepGLO H A JH B4 4 fifk 05 o ) L2 7
25 5

DL SRR RSO LU Ayl =2

TRMF. LSTNet. DASNet Fl TCN-MF ¥
B P51 ¥ R 4A, T 20T 6T B R 51
SERRAE A EARE DA SRR B R 6 9 IS 2 1 1
IHH., FrA FH LS5 Y gk F ARy — e
R . AR OB L R BERLFR O 4 R B ( Global
Models ) .

ARIMAX . DSSM 1 IMV-LSTM #i B 45/
5]y BRI R A, LI 58 T S R X X T
W EAE T, AN 0 0 00 225 R ' g 2t 445 oy
X AT A SRR Z A SRR (Local Models ), Itk
AR ) 5 T 50 1) 4 ey R

DeepGLO FIASCHrf i () TEDGER #iAI#fE
i [ B R R R0 0 7 510 L I8 R i b ) B A
DA B 4 Ja) () 15 P AR AIE . A SOK 1 BRI R M TR A
AL,

A SEERR I SHOAR B ATF. 7 DSSM il
H7, RNN ¥ hidden state size #% 1% & i, 128, RNN |2
BN 25 IMV-LSTM AL AN PIRAR J X6 07 B4 Bt
RAYERE N 85 DeppGLO BRIl BB & 16
16 .1, kernel i R/INA 2, 4 i AU () LA 12 ; LSTNet
BRI, CNN Al RNN A RRCRASZERE 7 325 DASNet
R R ) B ASHERE A A 4, Key 1 Value 9
“4E[E N 8, head #UM 4, kernel N 4. dropout >R
Gi— BN 0.2.
43 ZERAH
43.1 HEERIRI X H

F AR SCHE H AR 5 b, K o AR R A — A B
£ BT T AR B L.

TE Live600 Zd 4L LA SCgu Xt lah R ansk 2
N, B, FEFTA A R AlH  LSTNet £ DSANet
BOCRALH, TTEE T46 53 % 1Y) TRMF #l TCN-MF
ROR— M. Hk, X TR siAlRdL, ARIMAX &%
Rfg2s, XAfEEH T ARIMAX B TR, A
(ER I rak k3 & RN =R S A DO B P S R NT(1 s
TTH IMV-LSTM [ARERUR A, v AR th F s =
KB WM MRE S, NEH 2P ENES, Mt
Z'F, DSSM W TUMACR by, ffa, fERAH
i[RI RLG T T SRR A4 R AR IS BT
TEDGE A9 350 R 22 47 F DeepGLO, LM T
A A S A, AR SCHR S 1% T 5 % 2 N 1Y)
YRl TEDGER #—242 T T NRMSE il
b, FERXPIFNG RTINS wa e
LSTM Zfid s >k 11534 E Y TEDGER I BEAUAH L2

TR AE
# 2 LIVEGOO #H#EE LRSI LER
el NMAE NRMSE
TRMF 0.454 1.698
T TCN-MF 0.452 1.834
LSTNet 0.383 1.428
DSANet 0.411 1.338
ARIMAX 0.485 1.631
Jry BT DSSM 0.299 0.782
IMV-LSTM 0.416 1.333
DeepGLO 0.411 1.784
IRA R TEDGER I 0.238 0.631
TEDGER II 0.234 0.641
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Bl

A2,
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i 2023 4E

f£ Electricity ZU¥E4E L AYSCIRXT b5 R ansk 3
Fis. (E2RKERIY . TRMF BUS T Sl 8o
LSTNet Fl DSANet {22, 156 BH RI5 2 faf 5 ) 36 B
FEAERL TR B A S AR T BB TR AR
2R 2 R B AE SRR, DSSM [ i
PEREIE T ARIMAX Fl IMV-LSTM. B % 4 RERE Y
filtG, BT i ) TEDGE i A17E NMAE #5155 DSSM
FHE AT, WS T HEL4F) NRMSE f8bs. 76T
2 H I R e R B 2 T 1) e AL A i, TEDGER
11 %R Fef, 78 NMAE FI NRMSE F4™$6 br_L #if ik
— T T AR

# 3 Electricity HiFE LHSTWER

TEEAY NMAE NRMSE
TRMF 0.088 0.774
SRR TCN-MF 0.279 0.972
LSTNet 0.100 0.808
DSANet 0.117 0.830
ARIMAX 0.510 3.999
JRy A DSSM 0.061 0.607
IMV-LSTM 0.095 1.492
DeepGLO 0.100 0.718
TRA A TEDGER 1 0.066 0.488
TEDGER 11 0.061 0.486

Zr LRk, ESE, EUTA R IRMERIRI T, R
B DSSM RURFefE. Fik, TEDGE HAY i i K 4H
P o3 A B Y 2 SR R ELERAE M s RE T I, AL
RS T e SR A AR R, DL R
4 SR AR, TTTAS SO S ) PR A 2o G Bk 357 51
HEATER2E TN A kiR TEDGER 1 F1 TEDGER
11, BERSSEA A2 RFHIE, JFSEE0 T T
A LAY 0 I S 1) T A5 5R
432 2JFRFHIERRE

ASCHEH ) TEDGER AL i 45 ik 347 5]
A R NS S 8 SR S s I D)
JPAGE BT T RS . A T VAN I A 2 R R AiE XT T4
RUTGUIN 1 RE A SE MR, A ST 1A I 4 9 o S 5

TEDGER 5 BLKE V5 72 77 SR P A4 JR) 228 Ak Ay
i G & AT BT 5 P . SRR B AL v pp
A A R N s, AR 3] T R A
79 A A FEAE A Jr BB A B, RIORE g A bR gk 22
prsal e gy pr s SRR RS By,
FriZ# A &y TED ( Tensorized recurrent Encoder-
Decoder ) .

1E Live600 %044 b %] FS2ie 45 e 4 fr
N, TERSRR A R AE A H IS, AR Y N 1 i A
THIR TR, U8 T 4 R e e i A R

&4 Live600 HIEE LB < BFHEHRRALE

AR NMAE NRMSE
TEDGER 1 0.238 0.631
TEDGER 11 0.234 0.641

TED 0.282 0.871

4.3.3 AT DRI A K 50

kg VA TN R AT 1RO A K G RN T
BERVEUN MR RE 2, B E T AR A A B 1R/
TS A 2R R AT PEAG. T Live600 4R
AR RKAR, gk rE B RKERKR
Electricity Z(484E I i#17.

Hfi R B B4 A B 1K/ T TEDGER 1T A
RITM R R an il 5 B, FEXF Electricity 4%
PR VEATIOMET, 72 BRI (3 K) EmfEri
A H. —Fhal e ny iR, o R A S T RE
Sy S AR (E . 2 B 6 K A B 1 % 4
PERE2ZHIA K.
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Kl 6 Electricity Kt fe U A0 %t T HU i R 1 52 i
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Wit A RO RO A . (R, R A K
24 (HI 1K) B, NMAE R8N, Xl gEER
A AT S — R, RS T () I AR AR v e )
BN P HI 4 Ja s B
4.4 TFIEBEMSH

ARSCHE R R B 15 R T TR REE, T
T TEDGER 11 AR 7Y () T 25 SR 17434

B e T Live600 Bdl4E, HEZMHHART 10
PR ANFR S Uis , PR TSk A A0SR 5 2
HAXMNERE, WRANN 1, RZH 0, fEH] 10
APV R, B 8 NHIBREE A, X 1 I X F Fi
B, A A AR R — A A TR . D)
AN LA B PR B A 10S R Ml “ar
K07, R0 FRiREBESETIERE.

=5 Liveb0OHIE&E LEEMHZE 10T E

H4 B A5 HEE
1 br%s 14 (C“RF7) 0.046
2 FR2E 29 (“/NBERT) 0.042
3 PR 19 (“[%E”) 0.040
4 i i0S &4 0.039
5 43350 (“IEIHK”) 0.038
6 PR 7 CCOREE”) 0.036
7 FR%E 31 (“&Ii”) 0.035
8 %33 (“AZE4HT”) 0.026
9 PR 5 (PR 0.026
10 FR% 30 (“CLIE”) 0.024

Live600 £ a4 i ish o s 2 an il 7 s, T L
FH, Gt By B st 8] A5 i s B 2 B R
TR, B 6 RfEE, HOP BB AR
P, RIGEEAE I TR, AR K. ST
WFE2E AR RN, SRR, XRS5
fif . BT Live600 6 4  BK BE i 4, A SCAN 1
NS PN EZE TR A R LRI S

0.102

k| 0.101

m 0.100

b2y
1 0.099
i
£ 0.098}

0.097 -

2 4 6 8 10
EHE P2
Kl 7 Live600 45 I 14)-F 2470y B 2k

H M Electricity 4 b B9 45 58 1)
fpRErE. B LR R R IR 6 B
s, ATRVES], SRR X TR 5Tk R
K, G T 18.42% BTHR, B R T
PRIFRE]™ b 2 [ R . RN AR L/
LR “HWBILR” . XU AR IZ AR A
AR PR R, BB R R SR BA S

< 6 Electricity IEE LM T=EEM

He4 PrAs ik iR da
1 B 0.184
2 ST TAERT ] 0.169
3 2] {1 0.145
4 PN L IIWIN 0.142
5 AWNFEILK 0.141
6 EHJL 0.126
7 FENEILA 0.093

F )20 Y S B K] 8 fzR, 7E Electricity £
gl b, YA 8 i 1] A 0 i e B S P T A
JEIAPERRAE , 76 17~40 25 H1 41~64 25 PHASIX[E] DY,
iy EEPE MR R TR B —3, X —JA
AR GF X Tz B ) — K, X RIA ST
PRI BE NS 12 0 B 4 P i R (S B PN
S BEAESS 28 FNSE 52 ANEFRIE, ARG 24 /N,
XU I A B D7 SR B 1 AR S T R i —
KB A /I g AR DS

P ] 25 B A

0 10 20 30 40 50 60 70
iR ARt (A2

[l 8 Electricity 44 [ 1 F 35 B e B 2%

X} Electricity #8684, ARSCER T = AER
PR B P SRR U6 % s A e, aniEl 9.0 10
11 FoR, FERAFEGIF Y, Bt & R m
SEFANIER N Eh 6 OB EE, W 4R
TR O E R y(w) . fEE—REEh, P
H e 8 JLIR R B0 2h 3 REAE B y(w) e e i k. RS
T ARG v, AR SO 5 s Al 3 21 1 F SIME
PSSR 2R B, X BRI A SCRT 4 77 VA B A IE 4 42
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Background

Time series exist in many areas of our daily life and
work. For example, the daily sales of goods, hourly weather
conditions, daily stock prices, daily subway traffic, etc. are
all time series data. Time series forecasting can help us
understand how things evolve over time. Prediction can
give us chance to intervene what might happen next.
Extensive studies have been conducted for accurate time
series prediction. Many statistical models have been widely
used in the past. In recent years, many deep learning models
are proposed for time series forecasting, which show better
accuracy than statistical models. However, how to utilize
both the local and global patterns hidden in multivariate
time series to further improve accuracy and provide
interpretability of the model are still open questions. In this
paper, we propose a new deep learning based multivariate
time series forecasting model named TEDGER. TEDGER
can capture both sequential patterns hidden in individual
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LIU Hong-Yan, Ph.D., professor. Her research interests
include artificial intelligence, business intelligence, recom-
mender systems, financial technology and computer vision.

time series and global trends hidden across multivariate
times series. Both sequential pattern and global trend are
integrated to make residual prediction for final time series
forecasting. We conducted experimental study to evaluate
the performance of our proposed model on two real world
datasets. We compare our model with eight benchmark
models including both statistical and deep learning models.
Results show that our proposed model shows better perfor-
mance than any of other benchmark models. Meanwhile,
our model can provide the importance of input variable
based on attention mechanism.
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