ZT KSR SR IS B 2 457 7 5 v
XU 12, RImEE Y, ARES T2, X473, TR 2
(1. m RO R P LR R . 22 Re . S S (B 2 42 Be, it 2100235 )
Q2 VLHE FHRETHE SR R B TR 7Py, FRT 210023;)
(B ILIM A EREST W I A PR A A, T 212300)

WE

Bt 22 TN (8] e 1) T i i (8] 52 % AR GRS I PR R RS I R 3 BB
TRIRE BEAS IR 0] R, SRt T — PPk TR K 6 AR 5 d TE 3 R L 0 2 4 7
MR (Dilated Convolutional Time Series Transformer, DCTST). 154G, @iL{# &
RN BEHORE AN AR B [ B A 77 5 7 B AT i R v 4 A R, P BR 4 e B P AR AE 5
Hok, WorldiE = e, 4A BER NS AT ) Bl LS, 5] AR

R B AR i RIS, k2 RUERMHOB: &5, B Rz
A IR SIRZ AT, B AR e M. BRI SEIOSR B, 50
T TE SR SL A (40 Patch TST) AT IE AH S VAR AL (4 iTransformer) #H L, DCTST
TEZ A BRI LG AR 4 E P 7% 2 (MSE) M2 485} 1% 7
(MAE) ¥ 8% K. L0452, DCTST REW A g B b ki, 12
% TR 8] 7 510 B TR B2 5 B ik, & FH T e ) L S8 i i 45 S Br LAY 5
R N EF AT KGR Transformer; 33 & JIHLH
FErRS: TP391

515

it o5 R A7 5 A SRR AR B DR e i 5 T B 2 4B (1] 2 81 Bt £ 7 22 45K
SRR A K. IR S 2R, BMEERR D PR 75,
Xt B FIEI Ao i i oA B SR, SEIBOIE S, Mo AR R TR R
BRI o X RBE AR [ 4ERE A3 R IR HIsh SR, 1 HAEA R AL &
GEIE) (MR AR LIRS 2 RUZRHIE ) . RG220 Hr o7 ikt
FEAEIX R L YIS 8] 7 51 1 R 2 SR IR, AR AL I ORIk, 3 SO s A
ZACRE ISR o R, AR RE 27 SRR YT 7 5 Sk A o JCHR 3 TV R WL )
Transformer Z2F40, 75 [ SR1E 5 A BRI (] 17 1) 3 S 4R IS T 583 R

BEEUH: JLARASHEARM RiHRIEY (345 BF2025617)



AN, — L B M PRI ) 2 2 AN AL (Multi-Layer Perceptron, MLP) Jj
VIO B 8] 5 51 T R 0 £

UEHT, B5F Transformer IR A FARE & Ab B G BT, FEAFRIS ()7 5114
SRR R 7 T AR T BT, AL HATE R (8] 5 210 35000 _F fR S F e, 4[] — B 25
R3] A B B A SRR 1 SRS THT I LA ) e 1 A 2% AR e (] F I
Jefmt%, TIREXT token MUNIALFRIRIEANIEF, HISSHHK token MIDGTE. 2. B4
token P B RRNTIER SO T HLEE 3. AFRYEEY A NIF— token,
PBR T S0 SR, AR B A R T R M o 25 UK SRR 34112057 3
T T MLP JERI kR, 18807 2 748 B I ) F7 51 A4 1 BT IR A

TEX R ITIEM a4 N, BF 508 ATIAS T Rl 25 10 L P P DA S A 2 P
Patch TSTMME FH 43 i N SFEI 30 3 b B30/ P i) A B 4 38 #4308 114 1 A %
MR, XFOT BT AAE S b PR AR i AR ST, PatchTST
AN IS P DGR, G T 2 YN 5 A 8 1 ] 1 P FEAK A [FIET, Crossformer!™™!
FE53 LR IR SREm 38 I R 2 31 1 pH AL 8 B () A8 L, S 3 SR T T
HULE B A AR . MILLZ R, iTransformert SV i Kg A5AN A5 &8 1 %8
AN FEIIRL — AR AN HEAT B A VE S A, AR R 1SR, (H il TR
JERRNTT R, FAERHHR I R0 15 A RIS 2

WAL, Ze e AR A o S A DG M B EAT TR ZR . X by
B TE FE 5 I 20 B R I SR T e 77, RTE S B0 7 5 T AT SZ PR THRS BE AT
BB 2 IR (LA

9 RLRE R, BRATER T — o K B K s AR [R] A0 T ASE Y
(DCTST). SAEGHAER L BIREATE, DCTST KRGS M5 NZ
TGS [R) 7 B EASTHE R v, R ORIt A R O 50 R WA , SORS vl @ i )
SR ASENE, AR TH TIOR3 S AR B U o P R oK 3RATD
HIoTRR AN h -

(1)VRANIRZR 24 730 T8 AH O A Y ey i UL 78 22 4 I T 7 41 S50 v ) 12
H RG0S N 5 4 BE 5 B N7 20T IR, B I8 T A OGP A
SRHEIR RS AR B T 1]



()#EH 7 DCTST, WK GRS MRl N 2 4L 8] 5 41 SRS v, S
T [R)VEAE GRS BRI, S IR AR B RN S 4L 4 B N T A A2

G)EZ AN E S AR DU B 2 4RGSR % |, DCTST W27t
TRMAE P 52 AR, A AT I8 54708 17, $em 1R K
BT BiE A

1. FHISHS
1.1, A5 5 S0 5 IR

AL GG AR B H A% & 72 50T 13 (Autoregressive integrated moving
aver age, ARIMA) HAYFI[a) & H [FHA7Y (Vector Autoregression, VAR) 5457
T 2R I IR A OG R R ABLIN 8] 7 31 (1 35 5 B TR AR, X e A3 T AR B
275 BN 8] 3 90 (R R P I (Bt DA A B AR 2R PR IR TR A, LK 22 RS AE 2
8] 52 8 BhAS K RIS RE 1A IR o BB B U AN S 2R MR R S n , R P8 2 =) 5
BN TR . PIERMPZL ML (Recurrent Neural Network, RNN). K HC 12
/2% (Long Short-Term Memory, LSTM) MR 3434 #. 5T (Gated Recurrent Unit,
GRU)D DOy A2 (it 38t V2 o 20 ) 2% 3 5 328 U 48 R R T 3 L e 412K 73 21 o FR e (1]
KWK R, RERMR TGS RIRYE. A7, SR E i HARRE, A
TE TR R K P 51 I A SRAFAE AR B 3 S A5 1) o DA i 6 o) i, A5 AR 5 32 T
A, Ho i AN 4% (Temporal Convolutional Network, TCN) POHg i 375Kk 45 1
Wik, YR TRSEET, TR AR I (] 1 [ AT G TR R k. AR, X
— B BB R 2 AR TN ) 4 P PR A, R RE AR 0 5 R 2 AERFE RN BN K &R
#E N\ Transformer M HASAM B 5, Transformer 387 E = HHLE], RIEH K F
FU RGO & FE SRR AT TR, UK P A @i s ) TR BE)S,
SN B 1) 1 FRIIAE 55, 5 30 Informer®®l, Autoformer™ 1 Patch TS TH414575 {4
BRI RS, W AR BRI R IR F 5 S AR G, ST T K B A
HGTNREE . fESE R, BFFE SR R 3 2 A8 BN (8] 7 41) i 2 8] 10 7
TE SR G B A M B 11 B M, T iy DS T v A I 3 0 R G e i g (21241



£ Transformer ZEBLAY I HR N HEWE b, T DU R T HLAI 1 82 F £ B2 FL 4y
NEERTRNFN G BRI o 1X— X 3 (R AZ O AE T AR PP 91 A5 O 2R FRDHRL AN [
BRI 7 51 Z R 1N SR A 305 48 B2 15 81 R AR ELAR 0% 2% o Tl 20 B N U4
FEFRN G RZAFN T, SRIEAN T RIKIGOC R, 0 T IR — B /E FH AE 3 R
[AIAEREAR DG b o 2 SR 8] 77 B0 T500 B 1732 0 T B K2 o JFG v 7 e v P A
Y (R 208 2 e o S T L S AR, K IS ) 1 51 P R s Mk e Al SR — A R
I, IR R T8 e T 2 I A R 2 A FLIN B RR 5K . DLinear ™2 ix — 281
IR E v 3 i B N 1S 21 R YA I E TNl < B B 1570 iR 157 s 7 | =
DA FHKE FE . TimeMixerMOWU) i — 0 e i AN [A) FRUBE 1) 40 i 5 485, 199 17 % BRLi
B AR 1 22 2 A IEAE /7o PatchTST 78 BIETE P51 Np BN, i feih
[EIRIAE DG, R it A JZ AT TRINA AN . SR, I8 TE A VAT AP AE
BB E AT VA I () 24 B2 23 SN E T, 1T 2R A 1 B A GG IR
St S 2 AR B I TR 45, AN [ 2 8] T e AFE 52 2% A ELAR IR OG &R
M, AW B A EBRHEZ MM R R, P2 T 2
R FIBESNR KRR, RXEEMLEA Y R SR XA SR AN A
PEHIETE N IR, 18755 IS IE (] ) G . Crossformer 2 8 18 AH G A5
R ML RRER Z —, B BN T B LS o, FR5I A2 2]
St EH SR gk S i 3 1) ) A8 L, B A 40 B I A B A SR DG M R B AR
TimeXer?hi id AN #5573 BAR N B T RAFEFE, IFodid ] 27 =) B8 b SRS A 20
PEAJRREAE, LA AR B T 0 A0 A o O B 0 B A M . kA, TSMixer!®
M A AR 1) 5l I 4 AT MLP S5HR 4, BRI TR E AL R I
#EIERE /). iTransformer XS4 ) 3 A AT R TH L, LAy = AL 38 T8 1R
5% % . SOFTSIMITE iTransformer AL FINLASGE, $&H T AR JIHLHI 1)
B STAR, R HIZE T MLP BB <2 B 7k, BT RE N Rz LER,
PO BCLs AN P A AT Rl G, B TR, (B T 4R 1 R R R
bR

TEARSCH, FATAA T 3 T I A R 5 38 18 1 5 L (4 22 4 I TR0 A
(Dilated Convolutional Time Series Transformer, DCTST), ‘& /Ei@E 4L FE Y
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Figure 1 Model architecture
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RS, AR B B ERCAN X THi R .. A RN EEE— 2 2%
SRIATLARE 53 A 58 10 AN N ) 21 Bl S 81— A i R AIE 25 ), A W46 1) Rl
H® € RN*P, Hh D OAMANYEE . X — i fEn] LRE N :
H® = MLP(XT) € RNXP 1)
b, XTACEN SR GG T N FERE 52 B 1RAE, MLP Fvis MR B BB
SR e . BE, HOWOE N L ASAH RS540 G fith 345 J2 4 2 11
it as . REAIADEEX A ZORIEATH AL B, AR N T — B
Ep

H'*! = EncoderLayer;(H"),i =0,1,..,.L — 1 (2)
Hp i gmisZ A ERER AR 3. 4. 5 & X:
Hfyseq = DCAttention(H") (3)
Hf; = FeedForward(Hfyseq) (4)
H"*' = LayerNorm(Hf; + H') (5)

A Z N RS =AM 0B, B, BRI HZ 00
DCAttention 347 18 1E (8] 15 B A2 H S5 AEHE Y, ?%"?UEQ%?‘?/%H}MM: o
5, Hfused — R AE R ET P 28 I 28 R T AR 2R AR ?%E"@JH}}; wJE, i
ZIH— 1%&Ifﬁt)z%ﬂﬁ“’$ﬁu)\H"5HJ?%H?§¢@$H},:E"J§£%$D, 13 21% )2 i fan
H*, &3t L Bt )E, SAMBRIRERALELHRZE (—A MLP) B AT
MEERYT AXFIRA:

YT = Projection(H") (6)
5 400 i B A5 B T 25 2R

2.1. DCAttention B

DCAttention BEHUZ DCTST A BIHTIZ L, HBTH B M AL ST IEE
ST AR A R A R AT 2 8 T R D T TR 1) PRI 5R o AR p 7 A SR AT HL LA
WA R R EMEIKRERE . BART S, WL S et N2 R s
3, %Y HEINT AR (Optional) EEHIHEVIE, AR i i MR HE R0 4k 7



RGBSR LRSI T2, BN I8 IE 1 4R OB 3L R . AR
NSRS IEBOE NG IR 0 3, M ACE4E L 1Y SRR, DUE R AVE
PN 230 [ I 8] A [ 368 1 ] i ) A A PR X

211 FEEE

EEENDES, BATVKE G EFBEA RN T I — PR E 4
(Token). XFhAb¥E /71525 T Transformer ZEF7E 7 51 A 0 1 R T &4 56, FF
A H @A (Query). B (Key). 1H (Value) HLHITTHEAH A E 1 RE
ERE= WALy IN ] Rn = S /N

. <QKT>
Attention(Q,K,V) = Softmax %4 (7)

Jax
HQ = HW,,K = HWy,V = HW, 53 5l R N N H 423 26 PE AR #e45 31)
W, Wi, Wy € RP*ks n] % 3 (AL AR, Horhd, & A RIS A 4E fZ . Softmax B
HOW ARAUE 2> BOE AT A — 1k
ZETN AR R R, g7 R 3R A R TE A HL K [R]I fERp E SRRE
AR T — R AR R 4 SR i 2 JILR o 2L R R i — /NPT 25 2T IR 4 R
MESRIER Extr € RWP, Hg e SO — AN ARSI I R AR B AERE, o h 2404
Ko Extrifid BUEMACE A R B EQ opar ~INERN:

h
1
leobal = Ez Extrl[i] (8)
i=1

b5 AQgiopar € RVPAF NEWI MR, DLESBUR RH P ) KV AF NiE
Xf, W AEBORRE R L A RE IR A

KT
GlobalAttention(Qg,obal, K,V) = Softmax <M> |4 9

Ve
RARBIRE 2 REANE R Hyopa ERE T IMBIER 2R .
X T b 1 TR AR B P AS LN 2 SR E, SR et i Ot AL B AR
Bz W2 it 5. 1B 2 Jos 1 PIREE 6 AR AL 25 3K
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Figure 2 Two implementation schemes of attention mechanism (upper for

global attention, lower for self-attention)

2.1.2 KB )Z

JUEVE R TN R B 4 SRR, (RS P 1) o = F i e P9 AR B T A AE 1Y
R R EEANOCHE, HAIEREIRTREA . ik, BATBL TIIKERR, &
T T AEEIE YR E SRR B 2 51k .

538 H AL [ 48 b BEAT T B A% U S ARAN A, BATHI ARG ARSI
HARYEEIAT . BRI, EMANRAMEFEH € RV, BATECBHEEN
H" € RPN, IX—H BRAF -G HUZ ] AR R S 4EE B3 a), I B
KA A A BAE [A]— B i 1] i BRI R R W TR ¢, AR R AR ISZ BT A Y
BN E SON:

K-1
Tt = D Wi HTE e = d - K] (10)
k'=0

Fortt, K RBRUKIE, d RY R, | RRHEEERS, W, BRI
B ISR A VR R S BRI T, DB K2, M
T KT R S . BJS, TRATHE A B A ISt L 4 U AT



g, I EmES, FEE M MEEE | W TRE ¢ WERERZ, =

D Tiee + bias;. 5 HTA G H 45 BHE S, FEIEZ € ROV, HLt

HiRF)E, RAEHSMAHLER SRR HZT € RV, [ 3 fiid T
KGR I AL B AR o

BIE

33K
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2Rk B TRIRIR

B 3 BiRERELERARE

Figure 3 Processing flow of dilated convolution layer

2.1.3 Hit@ks

HEREEMEIK G E R CLEAN 7 25, T2 DCAttention B[
WA A AN

Hpysea = ReLU(Attention(H)) + Z7 (11)

Hrb, Attention(H)ZVERE NGRS & & RiBIEL BE B NER, K
3> 3 38 AR UL BE vy 38 3E USR] AL 3EAT BN RN . T ZT 2 A G A Al
PO R ERIEERE . ReLU WOGREGIN T AR M. X PRl & SR I 07 T B8 e
% [R)IF R P 4% &y bR SO A Y, AT A 2 HE B ELER I R IE R R



2.2 R G ARG B 4 M
N T RN A R T (R R 2 5T , B e R 43 T
0. BEAE T RS ZT A TR AT ERUALEW, o o TR A2 L

OW ot o1
H, Z € RPNE A D ABPULINEEZ,, € RVNHEZ T IARE, @il Z
HEAIERERIREHZT € RVP, HiZT[c t] = Z[i,c], ¢ RRELEZRT], t
REFREE I RS i WA B S .
AR AR, RATE:
0Z"[c,t]  0Zi.  O(XZoXgneoWigr e - HT[t',c — d - k"] + bias;)

aWi,k’,t’ B aWi,k’,t’ aWi,k’,t’
=HT[t',c—d-k'] (12)

X—4E BB, EMEETTE T, BB RESEW, o o SR ORI TN
FHEHT[E, c — d - k')A B o BOREFM 2, XABRE SR « Tk, REZT[c, t]
s ARSI ED RINMEE R XEWE, ERETH, AR ¢ sk
JERAMSETHELR), AN IR D FL AL 18] 25 A5 2 AR VRV o IX — AR IR 1 K
GIRERES A B & I 1A] 2245 S5 AR 2 TS TR AR [RT I, AN 5 NAS 0 L1
VR S ME S, IR GF U CRAE 17 I [a) 4 B L (S o 356 e 1] )2 31 Tl AT
B OREE, IO ORRRIE M B I 1] DR SR OC 22 A7 B T4 i 0000 Fy A e

FH T AR A A6 ST ZE T 20 Sy T bt )25, 3% o) B A B
SEAEFZYR F — R B [P R, A [R5 A i e A A B 0. Bk ud, AU
W, o o BLFAE R T R 0 IR Z B 4 1) — s R AE{HT [, c — d - k']|k' € [0,K —

1) RIS R, BRI, B = BT, e~ d - KRR TS AR

oy
WA . RE ], FEANEEe — d - kEFEEAT [, c — d - k'S5 B s
HUAELE SR E IR S, B4 % T2 (R BB W, o o 235 — MRS
SONILE

P2 T o 5 AN A7 e 1T T 2 S 1) B8 I PR B 5 AL U6
D8 g HIC ¢ — d - K] ZEXHEILT, R R — d - KYO1E B
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Figure 4 Directions of dilated convolution (left for sliding along channel
dimension, right for sliding along temporal dimension)

2.3 DCTST 7

SR HET Transformer (R LE %2 JoIS A Fr 41 P 450 CLHRAS S 2 00 Jgg, g
i3I B VE R AL R K R R AR 2, PR, R T e
Mg 7 A 2 LA R () A AE 2 A B A SR IR A SIE I FIUAE 55 I6F , LSRR A T Wi U ST
TR X Ja) S TE A P A A2 AL e e 39 <5 b, AT PR | ™ F300
KB 5z A1k e
R, ABTFEsE 7 DCTST &8, 5238 51 NGRS F i s iR
ANTIEIEL B, PR S R S TR TE . £ DCTST o, 3RAT8GT 1
DCAttention %05, REZIK G SER HLHIIFATRLG, CAR A2 /A&
AL AR SR EN 22 AR BN 1] Fp ) o (I R Il o 2RI SR R B RN . 22
R HES AR, eI B Y = R
DCTST HEAL ¥ SR 2 2 RIS B 225 1) 58 B I TR PP A1 RN N i 4R
7N, B JE G A HE S g 65 A )2 BEAT IR SRR SR R . BN G S AR R AL
DCAttention 37 Al PAAT 42 Jr it B 0 7H 55 5 Vil B 45 2 IR G AR BR AT . TEE
JINLAIE I AT 27 5] 4 R A ) B DAZRVE B2 0% FE Al AR S AR B, 1T 2K E AR
M K B R R B A (] I TRV S, M 48 RelLU s 5 AR 2214



Bl AR S RIS R IR 55 . FRZ%, BOLIE R gt A
[0 1R R AR 7 WSS N AR ORI T 25 R T A

BLF DCTST ) 2 AR F I 18] Fp 51 AL A2 20 -

() RN SIRAN: FREU S22 o (el e 2 EdE, IE@E A 2R DR E
(P BB N i 4L [ B, 2B R IR R s

(2) FHEHIS SR BHR AR RN 2 )2 it 4, &7 /21814 DCAttention 15
BRIFAT I 2 RTEE IR 5K G RRHIE, — 5 Bl & 5 Rl B 2 AR PR e,
SN Fibt - = I Y WAt LR e

(3) Har T . R B A G 5 R 1 R SO R (MLP) U 2 H FR Tl
LR TS 7 SPRE V5% o A A N R

(4) B 5 VP0G: S IOIME, JFRAITIRZE (MSE) AP Z4E%T ik
7 (MAE) “ESRFRVFASTNPERE, S uEmRA Rt .

3 RIS AT
31 SHHR

4z BT PPl DCTST 5 8UAE 2 S 18] 2 81 ST 55 BRIz AkRe 115
BV, ARG T REIR . 2. AR TIE4ESE 2 A s e 3k 13 A4~
NFHERE R 4 A RNA REERE LT T T2 5056 X SR SR A AR R
B AR . SRR DL S AR & (A O 0 AR 1 B2 2k Ve I B W38 i 22 e vk
HSE T SRS BTT RV K8/ 15 208 8d)B weather ()
%4> Bl ECL (i 8 ) i3 ) BL, Traffic (hi/IN s A B o R 5L
#5) 71, Solar-Energy (5} 10 738 KBHAE K AR 7. Flight (BRI ATHERL
5> BILLK PEMS R%1 (5 5 /el BEEE) P, sk, AL TR ma
AT R S KOG R I RE ), BATBTH A T — AN & s 5 MUL,
f14 XBL. Waveform. Waveform2. Multi-correlation PU4™T-4idf 4 . 1% %d 40

I G NBEAL SR BRSNS 2 R O D B 22 3 ik R T 2 A
BEX, B AR A I . A R 220 R O TIAL B, B RE SIS B
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Table 1 Description of experimental datasets

BEE TR HEEEFOK T VISR UE AU EREE KA K ik
L4 B *
ETT-h1 7 96 {96,192,336,720} {8545,2881,2881} (N A
ETT-h2 7 9% {96,192,336,720} {8545,2881,2881} 1/ G
ETT-ml 7 96 {96,192,336,720} {34465,11521,11521} 15 4 AE TR
ETT-m2 7 9% {96,192,336,720} {34465,11521,11521} 15 4 G
ECL 321 9 {96,192,336,720} {18317,2633,5261} 1/ REUH
Traffic 862 96 {96,192,336,720} {12185,1757,3509} 1/t b
Weather 21 9 {96,192,336,720} {36792,5271,10540} 10 4» &%
Solar 137 96 {96,192,336,720} {36601,5161,10417} 10 4 fiE U5
Flight 7 9 {96,192,336,720} {18317,2633,5261} 1/ i}
PEMS03 358 96 {12,24,48,96} {15617,5135,5135} 5 4% b
PEMS04 307 9 {12,24,48,96} {10172,3375,3375} 54> i
PEMS07 883 96 {12,24,48,96} {16911,5622,5622} 54 b}
PEMS08 170 96 {12,24,48,96} {10690,3548,3548} 54> i}
XBL 8 96 96 {20809,2905,2905} ) H
Waveform 199 96 {96,192,336,720} {13809,1905,3905} AL G
Waveform2 32 96 {96,192,336,720} {13809,1905,3905} (ED Bk
Multi-correlation 105 96 {96,192,336,720} {13809,1905,3905} e G

3.2 SKIGFLE

BT SE& I E — & i % NVIDIA GeForce RTX 4090 GPU (24GB &.A7) ML
TEuh EgEAT o SEBR P8 H Python 3.8 JiAR1E & 4 5 , B2 I K #1544 PyCharm.
PRI 3T PyTorch IR SIHES, FFAIA] 7 NumPy. Pandas 55 P HEAT £dfE
kb3, Matplotlib F1 Seaborn JF HE47 45 S AT AAL



DCTST #AFINZRRH Adam ALER, #4657 ST R MEES {1x1072, 3x107%,
7x107} i MRS R A E « IR ABUE € 10, JFR A % 1 LRk,
TSR — NN ZR ARG K 5 ST 3R . ORGSR Gerh v SE kAN Seae 3
FI 5 AMANFERIBENLA T84T, FFiRS TPtk e Shnii 2 . B Sk 4 i S5
SRR B MR 2 PR, XESHOE N TE— A0 K5I T S H0E R
i o

&2 DCTST AT ESHRE

Table 2 Main parameter settings of DCTST model

P B A S 4 SHEE
HAYERE (D) {128,256,512,1024}
MAE
SEHL 5 2 2 MLP
Yt as 20 (L) {1,2,3,4,5}
Yt 2 FEH—1k Ja H
R Ja H
ER IR ERFERENIEEERS
KB {1,2,3,4,5,6,7}
DCAttention
ESA P NUN 3
i ik 2. (d) 2
it 2% Adam

YESE
125 PR AL Wiz (MSE)

TERRIYI R R rp, FRATR I R kB i G, MR IRUE4E 45
Koo A FHGELE S A FIPUARIETI SR ATZ 1B SR R, s IR A A & i [0 1
The, RAFIIESE EVERE SRR S B T &0

3.3 SZER VT E RS
J A AP A T R 5 FS 2 0 (2, A9 RT3

Z R AES IRZEAF %O TR AR o
Bz AR T




— 1 N 52
MSE = H;(yi - ) (13)
TR A R F
1% R
MAE = ;Z [v: - 5 (14)

Horb, n OUREARSURE, yoNH L REARSERME, YONE L REARTIIIE . 2T
LI E R, MSE M MAE [RMEBRAR, R e s, sesh, 8T
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Table 3 Prediction results on multidimensional time series datasets

Kilste 8% DCTST DCTST SOF Time TimeMi iTransfor Crossfor PatchT TSMix

(HEFEZ (&RiE TS Xer xer mer mer ST er
71) E7)

MSE 0.373 0.371 0.375 0.365 0.367 0.383 0.685 0.381 0.388
ETT(Avg) MAE 0.393 0.392 0.394 0.388 0.388 0.399 0.578 0.397 0.398
Weather MSE 0.250 0.248 0.255 0.241 0.240 0.258 0.264 0.265 0.256
MAE 0.277 0.274 0.278 0.271 0.271 0.278 0.320 0.285 0.279
EcL MSE 0.161 0.163 0.174 0.171 0.182 0.178 0.244 0.190 0.186
MAE 0.256 0.258 0.264 0.270 0.273 0.270 0.334 0.276 0.287
Traffic MSE 0.410 0.396 0.409 0.466 0.485 0.428 0.550 0.453 0.522
MAE 0.278 0.266 0.267 0.287 0.298 0.282 0.304 0.286 0.357
Solar MSE 0.197 0.202 0.229 0.209 0.216 0.233 0.641 0.236 0.261

MAE  0.244 0.251 0.256 0.287 0.280 0.261 0.639 0.266 0.297
PEMS MSE 0.101 0.101 0.108 0.130 0.159 0.119 0.220 0.217 0.125



MAE  0.200 0.199 0.206 0.226 0.262 0.218 0.304 0.306 0.231
MSE 0.158 0.159 0.160 0.164 0.162 0.156 0.380 0.168 0.182

Flight MAE  0.264 0.265 0271 0.278 0.271 0.265 0.417 0.282 0.290
MSE 0.011 0.011 0.017 0.074 0.581 0.088 0.014 0.782 0.050

XBL MAE  0.064 0.064 0.065 0.181 0.472 0.200 0.074 0.886 0.157
Waveform MSE 0.014 0.013 0.494 0.065 0.602 0.571 0.017 0.799 0.035

MAE  0.048 0.045 0504 0.152 0.811 0.568 0.072 0.979 0.099

Waveform  MSE 0.005 0.005 0.187 0.039 0.421 0.238 0.007 0.673 0.091
2 MAE  0.030 0.028 0.229 0.106 0.571 0.294 0.051 0.862 0.186
Multi- MSE 0.015 0.020 0.030 0.189 0.473 0.072 0.021 0.651 0.201
correlation MAE  0.047 0.044 0.076 0.200 0.762 0.144 0.062 0.774  0.288
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Table 4 Comparison of model computational efficiency and resource consumption

Traffic(862) ECL(321)

B HIE RAFNE I RAENE
(ms/iter) (MB) MSE (ms/iter) (MB) MSE
DCTST(global) 49 3588 0.373 37 1918 0.137
DCTST(self) 109 7993 0.383 66 2807 0.136
SOFTS 58 1893 0.376 38 1341 0.143
TimeMixer 177 12579 0.462 40 2863 0.153
TimeXer 210 12335 0.428 100 5423 0.140
iTransformer 76 6003 0.395 40 1613 0.148
PatchTST 188 10045 0.427 134 6337 0.164

TSMixer 50 783 0.493 41 573 0.157
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Figure 5 Prediction curves of DCTST and different models on ECL dataset
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Figure 7 Box plot of channel error distribution of each model on ECL dataset



?;Eidi?%ﬂ (SAE)
|
|

10R: 4.9
IR: 4.2
B4
6.0 6.1
— 1

1BRE R

& 8 XBL A ZHAEE RE S MALE
Figure 8 Box plot of channel error distribution of each model on XBL dataset
MIE 7 AT LLE Y, DCTST 7€ ECL #id 8 By Ar %5 (15.5) 83K T TSMixer
(27.3) F1 TimeXer (19.3), HPU4ifE (IQR=11.0) #%, Ui DCTST AMY
HARKE R, EAEAS [FIRRE (e () R B — b s . MBI 8 19 XBL Bl g 45
k&, DCTST WA TENHE, Hohig (6.00 A IQR (4.2) ¥ NFTEBALH
Bl BLESEESARD, UM T AR AR AR B AT 2k 22 AR B AR DG VRN IR B S e Tk
N T IRNIAE DCTST 8 S A% O AL 10 Rk, BATEAT T RS Rk
UG, SRIIEI AR RS, BD MR T DCAttention RS [R BE 5
B BRI 45 (FEND (R4 F DA R 5 22 e 4 7 ORISR P RE () o SEBR7E ECL.
Traffic #1 Solar-Energy =AM B A MRFIER A R AR BT, VR TRAREEL
MSE, “Attention + Dilated” &/~ ATl & ; “Dilated(Attention)” &/~ JE K &G
R 71 “Attention(Dilated)” £ /R JaiE R KB . SeEg R U RR . 45
KL s Fion, USRI SR,
% 5 DCAttention. FFN FIBRZEEKHRBEKLER (Fi MSE)

Table 5 Ablation results of DCAttention, FFN and residual connection (average MSE)
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Abstract

Aiming at the problem of insufficient prediction accuracy of models caused by complex
nonlinear dependencies and temporal shifts between channels in multivariate time
series forecasting, this paper proposes a multivariate time series forecasting model
based on dilated convolution and channel attention mechanism (Dilated Convolutional
Time Series Transformer, DCTST). Firstly, an inverted embedding module
independently encodes the entire historical sequence of each variable into high-
dimensional tokens, preserving global temporal features. Secondly, a channel attention
module is designed, combining a self-attention mechanism with a learnable routing
strategy, and a dilated convolution module is introduced to expand the receptive field
along the variable dimension to capture multi-scale local dependencies. Finally, cross-

layer residual connections integrate the original input with deep-level features,
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enhancing model stability. Theoretical analysis and experiments show that compared to
mainstream channel-independent models (e.g., PatchTST) and channel-dependent
models (e.g., iTransformer), DCTST achieves a significant reduction in both Mean
Squared Error (MSE) and Mean Absolute Error (MAE) on multiple real-world and
synthetic datasets. The experimental results indicate that DCTST can effectively model
inter-channel dependencies, improving the prediction accuracy and robustness of
multivariate time series, making it suitable for practical engineering scenarios such as
smart grids and traffic flow forecasting.

Highlights:

1. Proposes DCTST, a model integrating dilated convolution and channel attention to
capture complex inter-channel dependencies in multivariate time series forecasting.

2. Introduces a learnable channel attention module and a dilated convolution module,
enabling effective modeling of both global temporal features and multi-scale local
dependencies across variables.

3. Achieves state-of-the-art performance, significantly reducing prediction errors
(MSE/MAE) over strong baselines on multiple datasets, demonstrating high robustness
for practical applications like smart grids.

Key Words: Time Series Forecasting; Dilated Convolution; Transformer; Attention

Mechanism



