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Abstract: Existing time series forecasting models overlook the effective fusion of variable
information and temporal information embedded in raw data during feature extraction, which
results in the failure to fully utilize the information of raw data. To address this issue, a gated-
driven time series forecasting method based on temporal and variable information fusion (GFTV)
was proposed. This model leveraged trend-seasonal decomposition techniques and employed a
Transformer architecture to extract both cross-temporal and cross-variable features from the raw
data. Subsequently, a gating fusion mechanism based on gating units was used to fuse the cross-
temporal and cross-variable features, enhancing the model’ s ability to capture data information.
The model achieved optimal performance on both the ETThl and Weather datasets, and ablation
studies confirmed the effectiveness of the modules contained in GFTV, providing a novel approach
for dynamically fusing temporal and variable information in the field of time series forecasting.
Key words: time series forecasting; gating fusion; Transformer; cross-temporal feature; cross-
variable feature; feature fusion; trend-seasonal decomposition
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Fig.1 Overall framework of GFTV model
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1.1 EBHEP IS HER

GFTV (il I FS 31135 73 il AN Kt o3 o
AT Z I, T S35 AT M D3 e ) P e g L
FFEA Sl T Shad TR AR5 Y
SRy BRI, A R BRI Sl A, A R ST i
Bl NSl 2 R SRS B 32 1 TR

1 %
X, Q =7 Xev
(0)=% Z (1)
xz(']) =XZ—X,(Q).

L ix,(0),x,(J) 5 B A H I X (Q) F1Z= 4513
X (J)BY5E e IR B koA i 3 DK,
HWIAATEL.
1.2 BTEHERIER

A AR 2 ) A R A AR AR G & |
AL T 15 AR B RRAE SR IBUBEER | 43 Oy 55 72 ik
N2 K it 78 i gty )25 . 5 A8 s ik A2 ) — 2%
AN TR s8] 25 5 Bk A B token H , 8575 1t 4 A 2
S HEE LS, DA EUE 5 2 [ B E 2
Y ZE TR 53 o 65 708 e EAE AR IR R ) 24

1615 75 itk A2 R, GFTV B 2= 75 15 50 s
X (J) e RETV) (1) A5 15 2 1 0] 2 52 4, 15 3
X'(NeRPD i FAAEZHMEALE KRR,
GFTV £ 7 J5 Transformer #5558 o 14 457 B 2 15

V2 A0 A R J 2 5 i 0 ik ) 48 B 45 52 2148 3 1Y
BERIYERE o, b, KA B8 S Xk 7 14 B[]
A5 3] token 1, #2325 5 )2 DARE AR 421
A BT RE 7532 0 245 S BN S A e A 2 B BT

RN L ) e o S BUNE RE = WA/ Niil N T}
T A 28 I 28 e 27 > By A T3 4 v 4 A A8 fit token 22
[i) A A0 00 2R . 1 R T AL D o A i Ao |
FE R B, DA M s B3R SR A3 A [A] 28 it token
Z[B) AR DG (R 2 AR ) , AL B R A5 19
B JTREE K A 15 V3 REAS token X HAA token
(R G FERR . TR, Ay B ARS8 (1 B[] A1 253 ] 52
7, GFTV 5| A Informer $& H (198 %5 51 B 1
=oAL Nl
1.3  ERE4FER IR

SRy b B A [) 5 A R 42 I A BB A A e ) R
RS X 5 R A AS [ B A AR i SRR A
A TR FRAE AR SCIR T B[] AR 11 2 HUBE B
a3 15 ) ) i A 2 R 5 e ) 2 )2 . & 2 1R A 3
Tl 53 oA 55 I TR RRAE 42 B B2 A4

TE 5 i [|] 4 A2, GFTV ¥ i A £ i
X (J) e RET) s B Ak B 35 A\ 2 5 ok 35 )
b AR H Y, A 225 R X (J) e RETDD i
FHAE A FIASE B i AT B0HE 2R 17 65, P-4 P
Y 45 S AR, DA TR B 2 5 il Xof iy F)



% 2 4

AANTHELE VIR Fh 0 B 1A 5 245 8 8k 409 B 1) 5 ) FRm 77 ik 21

— ) ] A2 e 5 21 token HY . ik A {305 200
B Ja — R B RIYETE a, b A7 A R S e
EOEASREISYE VN R at i

5 8 2 5 )2 1 1 3 AL AT AR
[fi] — 725 - AN ] 5 221 (14 4% token =2 [8] il M 56 1, S
P ) 4 BE B4R AE I AS T R AR 2 R A
KR . ) () S ) 2 A5 e 5 5 A2 o S ) 2 RS 1
BT R B, g
1.4 [ERLE I HIEL

5 % LSTM Hh [T ML A B 38, 1T 5 AL
il BE A% AR 41 0 A BN 1138 N 1 R AN RRAE 23 i
AN TR A ASCER | DA T B0 285 b il A5 R AE . et i AR AL
il ,GFTV RERS R 76 . [ Sh bl G s st ] R AE 5 5
AR TARAE , DL R R AT A T

DL B (B R AIE 5 15 A8 et R A il 5 A ) 1L 3
IR T TR RA VLR 2548, o R T TR 0T . T Tf
28 TCHE WS B[R] RRAE 55 5 A8 F AR AIE , I A2z 2
VAR, A E LR 5 T3 2 R AE X B A By
() TR JEE . 25 R AIE 5 9T X6k I 18 A 2 3F S5 A
1S ENRLA 5 10 B ARAE .

O—

X\ rX
® BER BB ] &
B E BIERE
()

BB B I} TR RRE
E3 RS
Fig. 3 Gating fusion mechanism

IV Rl HLH 53 8 78 R AR 5 5 I [ R
FERY AT, I8 i Ze PR AR 4 5 Sigmoid JUE BRECH
A P AR AR (AL . R T GFTV LG 20
AR AE AN HE AT S0 I ) 5 A8 1A R T R
AR Y 3 B R AR T A AR X — PR T, &
HRCEZ AR 1, M, H SR Y 58 B R AR 1Y
R, P IBCRI B B AT A5 381 25 1] 18] R AiE 79 A

H RS ALE A R

w,=S[w(F,+F,)],
W,=1-W,, @)
F=F,W,+F,W,.

K. P oS AR BRRAE , F oM SR ARAE , F R
FHE , S Sigmoid U BREL, WO B ; W,

AR AR A s W, A I TR AR SR S B
2 LRSI

2.1 HiRES5LREE

{di F§ ETTh1 1 Weather ¥ 1> I} 5] 7 51 35301
SRz S A A TFEEAE SR X GFTV 1y FkS
JEHEATITAN ETTh1 A 17 420 1N [a] 20 F1 7
AN 2 P [ SR R RSO f) Sy B A ) v [
4 R 7 A8 s #806 BE 50He 45, B R] 25 2Z (1] 1 h.
Weather 54EHA 52 696 A-HF[A]25 A1 21 A8 &, i}
[ (6] B A7 10 min, YC4E T 2020 4F- 4 4F A A8k di: .
X2 HARAE AT AE Autoformer i 3 H R ER .

fift FH S FloAS [) %) 0900 < 2, R 48,96, 192,
336,720, X H5E R B TN BE 7 AT PEAS L SR 407
e 22 (MSE) P 34 26 % 13 22 (MAE) ¥4 GFTV
JF 5 H A FL R AR T XT L

SHEE T S J2 2500 2, b PR /)N
g4, BIHET 110 96. 41 %88/ IN B 4 ETThI, 1
BB 3, B RIBRORCIR A 4 B2 N 64, & B2
JERSERIAE L R 96 BT X 458 K Y i £E Weather,
R IIRECR 4, BB BRORUIR AR A Bl 192, 82
J2 R A B 1 R 336, Ir A SE B4 AE 12 GB 1)
NVIDIA GeForce RTX 4060 Laptop GPU | 5E i,
2.2 FEXWRER;

GFTV #8155 HoAth %f A & (iTransformer'™
Client”', Autoformer'*', Stationary'""’, PatchTST'*’,
Timesnet'"") 7F ETTh1 il Weather 50iE4E 1245
B[] 5 371 000 25 2 43 Sl Gn % 1 RN 3% 2 iR . e i
() 285 SR AL bR v Lt 1 MR 2 85 T,
GFTV B AR P KB 4R b i BUAT: 55 AR LS T
S AERPERE , 3 U B A T RS L G e
i) 7R 325 A0 St AR il AT 2 T T )
BRI PERE B2 = A A S R PE .

5 %1 T R B & REAE (1) iTransformer AH
I, GFTV 7£ Weather £ 4 45 I, 5 J7 % 22 %K
4.9%, 5% 1 T4 BUSH R RFAE 1Y PatchTST AH L,
GFTV 7 Weather 205 4E |, Y iR 25 511K 4.6%.
Ui B AE TR0 3 A v, 2 B Rl R S AR A B
AT — D7 #h & T BRI R AR BB () (5 B AN 42T
MEAT K — B SR O A 30l A A 5 e KAk 1 A1
R IR B T 28 S AR S

76 ETTh1 B4 5 |-, GETV A 51 75 FU i i i)
AR 720 B9 FUM AT 55 L 5 PatchTST £ R AT —
M 2210, 3X 2 T PatchTST # KU il Patch 43 %)



22 AR FFR(A RAFR) % 47 %

AN Z AW ]G BB 5 910 VAN B, K B {6 Patch TST 8 B B T I i) 25 E BAT B4
5 DAL S R Jm B AE T AR TR R A B AE

F1 GFTVEXEERZEETTh EHTINER
Table 1 Prediction results of GFTV and comparison models on ETTh1
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Table 2 Prediction results of GFTV and comparison models on Weather
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Fig. 4 Visualization of results of GFTV and other models
(a)—GFTV; (b)—Stationary; (c¢)—iTransformer; (d)—Client.
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Table 3 Prediction results of GFTV and ablation study models
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