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TR, R RERCE & 4i (Intelligent Transporta-
tion System, ITS) PRI K AT N HEEZAHLE)
ELRAEAWIGN, THERAFEREEAL. L
IR FESF R A G I, B0 28 18 8 I 100
RN VBT A 5 ) B, AT B ) 3R
28 1) A2 3@ LTI 28 B I BRI AT B . A S
I P A2 308 7 T Dy 28 e A B BRI A R TR SR
DA UG RS S A 5 I S Ak e AT 1

A I TR AT 52 2% 1) 25 TR AR R e R 2 1)
IFIA]OC &R, AR G ISR P 77 v B B AR 7 #2 5)
44575 ( Auto Regressive Integrated Moving Aver-
age, ARIMA)P I H A5 (Vector Autoregres-
sive, VAR)PIZE 505 22 il B AT e OB e,
DA 4 52 A (R AR ZR PR IS (B AH DG 1t o Bl VR B2 27 ) 1)
K, WEFEN G {8 B4 9 24 (Graph Neural
Networks, GNNs) R HEHUE #% 17 102 4] 1) 25 [A] AH
Kk, FEAE AL EM A M4 (Recurrent Neural
Network, RNN)P/ak i 7] 45 F1 /¥ 4% (Temporal Con-
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volutional Network, TCNs )OIk 4 3K i 6] A 5 14
SR, X RTTVEME LSRR B A 5 28 d
PRI, AN B B A2 3 A2 T8 A B BN TR Ve R R A
B — g, AN B9 NSRRI 4% (Graph
Convolutional Network, GCN), ZAAHART 51
HR, DL P45 A A AT N 4% 1) Je 38 R R IR
IRE Z RIS R E . Ban, Liuge ATEEH T 2S00
38 B G R X 284578 (Spatio Temporal Dual Ada-
ptive Graph Convolutional Network model, ST-
DAGCN), F| FH R & A0 82 5 B K4 3k 25 i) A
K. A RKZHIET GCONE A F]H e CF S
PR R A8 38 1 2 (B PR 2 TR AE DG, A T i )
HH RS R T ARABA R Th e RR 1 DA S B S 38 s 2L
AU W S K T B NS R eV R RV S AL
A, A BSR40 i 1E B A B 7 0 5 I8 AL I8
TR 1 JE AP RN B 25 M DA BE G M 4 B SRR AT
SR, A R 2 T30 A B 5 M A AL o kA AL
iy A 352 38 B B IR I B A B S B ok &, B4R
A F8 5 M2 48 22 18 2R GiE AE B AN B )22 DL F))
A5 HEH B B ) 25 (AR OC R HEAT A SR e — G
[EF

Wi 5 B ) K 3G, A2 38 41 1) PR A A4t
K FME A BEm e, 46K 2 BOS R PR T8 FH A6 1
SR FWE RN, (R R S S A
B LAFR 73 37 S A Sl A T AR AE B = IR TR
ik, ATAACTT ST A B S AR B TR B
TR A I R A HI W . Transformer /2
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TGRS A, B SO AT PERe A S J
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T Transformer!® 18 i H g A5 45 1 461\ 28 18 7 51) G
P R — AN S AERE IR RN, BRI LS54
RAfe a8 [F) I 2% [&ASE P A A A B RS R, iR
HAEKIAAZ @R A5 T R IR, AMUAE S iR
RRNN J H AR AR AE B R 28 ORI B, 3 SRR
FATES, HETT IR m B ) TR VERE . SR,
Transformerf B! 75 AL B 465 N\ 7 5B, 8 252 R
THATRE P FAKE, ToEA SRR BT
AR . B, A A Transformer 240 57 >
K7 52 41 ) S I [ BRI S R AR & —
HE . HT Transformer B2 M #f 2 H Ak 248
1, ToVEA RO AL BT AR 1 . A R SR
F, {8 FL A 4 Ty v O] T SR 2R e Y e 4 )7 s
AT R A, A J) 0 e 75 A4 3 D[R] A A5
RS, JFiR e RS AR It . Ham, e
F1) P R B I A 4 A PRI S T8 25 1) AR~ R P 1 [ B
IR A AR AN A ELAE B 2 — S i)

BERE Bk )@, ASCHE AR T K W Trans-
former 1 [ iak IV {6 HEL I AR 46 1) ) 2 1 3 AR A 3 i T
LA (long-term transformer and Adaptive fourier
transform for Dynamic Graph convolutional
traffic flow prediction model, ADGformer),
ADGformer MG B 1 25 18] 98 RIEAT 1 3h A
B, IEAEA B0 AR 1 AR I AR OC 2 1 [
I FEAS T A AR AR Aa . T EE DTk

(WFg 7T KIS RE, FHEEN 775
(Masked Sub-series) Transformer LA 251 75 2
N /NER S AR AR 5 51 e IS [) B SO HE R L
TP AI RN A, AR A 7 S8 e 51 A &L
#5315 B SCHKR T PRI A R R, il 4 E
I THE AL A 1D I K B A I K T 1455 AN 5 7 1)
(YIS [] 227 Hh S USSR I K S HRrAE, LA 2L
P2 A A ST T

(2)&Sr 7 BRI, WRIE3HE T K R/ 1L
FET RO BRRUIRAS BT T — Fhah A5 B by i 2 DAAE B
AT B, IR — R ) shaS B G BRI
BNAS R HAE R BT AL, R AR5 AU BRI
ARA BIEE R R DA RO A 3R S8 8 I ) 3 2 B
7 [ o

(3) BTt 1 — o 5 T e B o AR 46 1 | X S A0
e, 0P ) A AR BT A Ao ),
R N 4 Je AR S 0 U s R A M R LA BRI AE
WRAARE P AR R, A R IR A W s
AR AN R A AE ELAE

(OTEATFHI3A B 4R F A 7 RERIXT T
S, S0 2 SR B B L AL L A AT AR

B EA F AR, UE 7 ADGformerfi Y
I 250 AN TR A 4

2 HEXIME

2.1 ETESERMEHIAZE RN

LRV FBE 25 S AR 28 3 5 T K] 4 R R ) D) %
DARG AN [ DX B 3 (Rl ), FFAE S R 4
W &R s A e M . WILi%sE N T PR B I 2
H &R 3D 5 4 M 2% (deep Spatio-Temporal
Adaptive 3D convolutional neural Networks, ST-
A3DNet), % H &N 3D AR [F] il 4 i) 23
KR T I )28 38 6 9 45 74 02 5 2 AR RR IR
PG, CNNIGIEA 20 B 3 i ) 25 TA] 4 Rt
REPE o IR D00 28 1) HH I I IR PR 485 4 ) A2 e Pl
N T AR R, DA RO P2 2% I 0 Hh 41
FRE. Chen®F NI TE 1 26 75 50k 422 5 B 0 P
(1) B R 2 SR T 49 AR B & s Zhang %6 A\ 123
R A B 7 F = /1 (Spatio-Temporal Attention
Block, STA-Block). GCNFIARHEBNLE, 435l
X0 AT T YL PR S L 2 TR S AR S [ A 1 i3 A T
AR Ling®5 ANUSRH AA 5 Z BRI E K
LA 28 SR Bl 2k 27 > 28 1 i w2 TA) R P 3 R AS [R] 2
[ERFAE . ARTT, bl J7 9% 3 A T T e LR ER
BIZER,  ToA 805 21710 s (BB AE [ Bh A& AH G HEAS
Bo W, 207 BB 25 B D) UK 2h 25 B 45 1 M
M TGCNH . Wangd NG| N H 1& B Bh s # 4 K
PR 2 - 8 /K (Mann-Kendall, MK ) ] 7l 15
B, B RR T AL AR AL AN 7 R S 5 1 A
fiEs L% N0 I KRG 53R 1 T RAE 275 B B RN
28 T P B AT R TR BN R R . Xk & A0
FIFH A FA I 28 N3 25 B A R 28 52 B2 2 A8 1l
FHER TP IVREAS BLRL A, T [R] 2% 2] A8l T
B R A R E AN A R B AR M. TR Z
BRET S EGSRP LR ERN B, X
& (Point Of Interesting, POT)FHALLRE 55 5656 K114
S O ) A2 308 IS 55 g DA A SR % 2 T) PR 2 ) AR A O
R, R A B A Al AT 38 B I [ F 5 T A G
PEo PR, fn e FE A ORI S 50 Fn TR B4 DL T Bhas i
Tl 1 T B% 2 T8) B0 7 TR] AR A B — DRI 5 34 i
PengF NV M @ AZ B 2 8, F 8 54k
o) RIS A B A P, AR s AR R K T e
Jio FERFEE NSRRI T —Fh B 1& B 2h 2 B 2 i
DAY, R SRS I (R G i 45 5 I 2 G i A
BN A B LA IR Y SUOC R R (A A . IS
N3 T —Fokr ) 2 TS I8 AE 5 2 R BN A
I 2 fil A (149 22 38 U A Y (Decomposed Dynamic
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Spatial-Temporal Graph Convolutional Network,
DDSTGCN), FFEHh 7 a5 o i, FR T
RIS . SR, DL B R R o R
AL X T R T B 1) Bh A I A S
2.2 ETFTransformer 32 &7 7N

Transformer B A 2 7 41 3| F7 54T 55 4] 5 R4l
RT7, R R e T B E LR TR
fiiy N AN 1 PR S BB 4 A2, AN SEE IR (1] 7 471
Z MG BRI H, BT TN, Wik,
TransformeriZ & B FH 132 38 378 75 I I B0
SRR . WeiZE N POF]H P B Transformer
KA IR I AL A A S A M I 7
A R N Transformer(Spatial-Temporal Fusion Embed-
ding Transformer, STFEformer)?!Mf % 7 Trans-
formerti 84 B AR, @ I ST AAR LTS s 2 1A ) A8 HL
SR $E SR A FZ AR 7 [ AH PR A I o Bt 78 e ]
Transformer £ AH LE T8 P54 22 /) 25 F1 5 AR 4 22 Y]
%%, Transformer 5 & A %K FE B OB A1T A,
H AR S AT fRRE I, EPERE B SR IRt — A
o Zhufs NP5 & B U B M 4% (Graph Con-
volutional ATtention network, GCAT)M Trans-
former TN A KM 2 KA Z B
M. Transformer 5 A1 JE JH M I R] 6 X ) 2%
(Transformer-Enhanced periodic Temporal Con-
volution Network, TE-TCN)P££5 Transformer
%2 SRTE R LRI T4 34 BT (Gated Recurrent
Unit, GRU)A X% S K WIPERE, 36 F 7
AN FEAT R IR ) A5 A D0 2% 40 R 300 e SO ARl e . 9 T
A RARBCZ 1B EAE SRR A, Zhang®5 AP
FE 7 — FhdE T Transformer A g 8 A0 A0 BV ) H
&N BB RN 2% o AEORUEBL Y S 50m] LLIFAT YR
[FEF, DL EASE AL R 68 S AR N T 1 1R 2 AN B Ta) 2 K
IR E R, TAROBU T RNN ) 4 1 8 45 4
BUCNNs H 32 B DA S o b 478 5K 52 30 250 1
RO . SRTIT, IR T AN A P s ) B SR T
FEASRBEAT TR, R 78507 R 7 S8 P AR I
B A RRE AR AR 1
2.3 ETIEFRMAERTIUN

ACI I A AE FAT AR RS A TR AR 1)
B EREYE, Transformerf 8 5 7F 22 38 L 00 7 T
WAG 7 RE NS, (Hl T HE A2 A M2 481,
5 IS A TR CGRAR I r) L, S T A0
TFAVEAE B A PR R, 3 SO R Tt
REFEAC. Bk, ARUCEE I, A P SR
FVEHE AR R TR ) — TR . Zang
S NPT — P T 88 2 2] (1 75530 H AR 4

Aol HSCHE B BRRS B AR SPRR T . YingE N 2O
AR 3 RRAS 7 fift (Variational Mode Decomposition,
VMD) 55K AZ i 7 5 53 i 9 — R H R )
B, DR ARt . Huang®5 AP
T —Fr i VMD, CNNAIGRUM 4 & HIE & Tl
DAY, A SR AR 6] 7 51 73 i o KA 73 &k 47 VMD
AbEE, LBRMEFE IRy, PRmAEBRERL. LA LRTT
PR S 61N A i BN E | S o o C S | B S DN
P4 B A 2 70 0 28 FEAS IR ) B ) AP AE . Sun
S NPIRAE  —h4x R I 3 B Al 3K M 2% (Global
Spatio-Temporal Dynamic Capturing Network,
GSTDCN), A R I A8 8 i 1) 4 &) 2 8] 4R
{6 b S [T o b T S G P AN T (TP = ¢
1KLLy v A] DAR G M A BR G BAAS I8 7 51, ASReAb#E
RIS I TR] 81

3 RBIEH

Fr#E ADGformer#5 H SSARHE 22 4 &1 () TR
FEHKAIEERE . ZHEHZEMZ 7 HaE
BB . Hdy, KENEESRERNHB T
HII 8] FAE 2 2] %8 (Subsequent Temporal Repres-
entation Learner, STRL) A1 & i BT 55 Sk 4 A 1
Masked Sub-series Transformer R KB 8] 7
IR 2E S R4 BN SUE BRFEE TP AIRR,
B I Wb 25 A 1 DRI S AR AN T T4 WL RZ K 1145
LA I\ 1 51) B B T] 2 7 o S B et 1) 3
BEFHRHIE . G RIEA R 2 [ ahEs
Fe ek o 28 0 f — AN Bl 7S B 1 A% AR B 7S v 2 2
K, JFfiz H T B &R BOnT 5 2 3hs B DL &t
TR I BN AS B2 AR R . 25 7 T fib S A B
MRAE “HEFMEES” FEEEH S EGH
VAL I LA B RR R AN = R AR BEA T R, R
FH B SRS A 2 21 AS i A R E B H s H
T84 Sy A S Y R A B AT i R e A1 R AR
Fatk.

3.1 [EJREE X

EX1(Z M) 2 E L NEG =
(V,E,A), FiHEV(V|=N)RRNZIEMLF
B IS BUTE R AC X, AR A B 11 2 ) R 20 B
BN R R T UASRILEE . fEtf 2R, <Zil
HMNEG: = (V, Er, Ay) o

TE M 2(ATIFAE) FH T A8 8RR 045 22 I8 FE
1 s Val i BT o (e P = B - SN K & (1 [ P d Y
TERIAHRNE. T, 4D SEE X, = (21, @2, -+,
oy, WENTEERHE, R AS@EiE X, = (1, z2, -,
oy ) ME N B R AE . Ho, Ny, N, KR N B
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(a) ADGformert5 8 i fAAHE 4L

L]

LI P T ]
_— 1 _— 2

LI L LT T[]
A A A A =

L]

(c) TEMZAKAE AR I i 14

1 LR HESL R

. X! e RV, X2 e RNGy RN B BLAE LI
2] (A2 38300 UL U AN B AR A

TE X 3(CIBAL T ) A2 38308 0l 1) H 12 45
J73 588 TR AR AT T A R — B i) 8] 9 T A % B
RAZ I . 45 € I S A2 KON PSS @ IURFAE
ﬁj*ﬁif%?ﬁ@]ﬂi%@/l\ﬁlﬂ*kﬂ’] A2 3 i R
i, EI]Xt+1 t+Q T f( t P+1: t7X?—P+1:t) °
3.2 KHAIEERE

K1 & E (Long-term Gated Convolu-
tional layers, LGConv) ¥ £ i Masked Sub-series
Transformer MK 14541 (Dilated Gated Con-
volution, DGConv)@# . HH, Transformerfy
A AT S AT ISR, DLSRAR R 48 A 1
TOCH KT FR A R 7R . DG ConvA FH 14E
KA AT AL TS 7 7 81 2o Hh A 25t B X
KRR
3.2.1 Masked Sub-series Transformer

Masked Sub-series Transformer M /b &7 %]
S TA] B SCHEWT RS 7 P A N 2, AR Y
A DUA S WK I [8] PP 51 2% 2] R 4 i) B R SUE B
FERTFTRINER.

(1)FERS 5 #% : Masked Sub-series Transformer
AT g T 2 RPN R 3, RS A A
AR LEER . IAT RS @R T 7 VA H A5 min
VEE NS B HHE B A AL, oA ROl K

W) 72 51 P AR AE o WO, 4R ALK R N 1] 1
SR AR RS Z A RSP K EK T, I
W7 HIE R A N R AR A

EERIES A, HEE UEEENFES,
TURE B> BAE R s, MIMBERTA A BT
B LR RK, B15%. RUEEHENE S %
XA, BFR SR AETAESM, FIHEMAEAf
H75% A . BT K@ LT Bf
I 1) SR 1 AVIRAS B MR, 75 B s M HE ik
b, Wk A 75 % I BEATLHERD .

(2)FRAF2E AL anEI2T7R, Masked Sub-series
Transformer 22 {1 ¥ 5 71 I [A] 2 AE 5 > #5 (STRL)
N BT 5L iR s 20 . STRLAH Transformer
Hald a2 2] IR AIR TR R, B BTSSRk
FEND T~ 7 5 DB AL b 1c IR B[R] 38 7R B A 52 B K 7
Gl BT SEASERTI R = (X, Xi— i1,
X )R NBEEINR RSP KA ES 75,
HYRFHNBENN=/I, BEHLRRTS%H TP
G, BTBEILT T IV RN N Xnasked » R BEILT T
H1) X unmasked JSTRLF % N B

Sunmasked = STRL( X ynmasked ) (1)
Hd,  Siumasked NSTRLIHIH . B W EBAES L
Transformer i 2 MM B 24k, 7 BAES
5E Sunmasked M I 57 AL AR T Spyask) FIIEOL T B2
SERMKFH, wa(2) s
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| itz |
AT i
s Transformerf#hd |2

t v
L — e I%l oOooo L1 loss

Transformer4ii /=
FI7 5 [E]
RAFZ: ] 2% < —
STRL | Al E AL EIRA |
| NN |

EEII%IEIDI%H:IEIEII%I—

2 Masked Sub-series Transformerff) &5 445 i
[Xmaskeds Xunmasked]
= TaskHead ([Sunmasked> Spask]]) (2)
S T ] 1) X e P RERTS BLAR 2 IR ) 57 22 U]
Re/N,  WOOIZRRY BT AR SR A5 S HE 15 4]
L pretrain (Xmasked, X masked; O1)
R (3)

X masked — X masked

H @1 NEEATransformer 7] 2% 3] 4.
3.2.2 BRI IEER

KA se i AE B A ED, Tk At
RPN E Z AR, A 525 51 mT LS B
YT 72 AR I ZIAS I B 3. ik, $EHDG-
Conv {E W] i) 4 B I Ab 3R 50 HE LA 80 3k 2 @ i 1
K. WE1(c)fin, RHIDEKGEZEM
T HIB AR PR S @ R KB AR E . 1%
B 1) %32 BY B A5 1 DY 5K 5 A1 2 B i 3 iy 2
FREOEK, DU SRR B AR, [RS8 S
HREN B, ¥ kBRI HERA

k—1
z;C(m) =Y C(m)ax(m —d x j) (4)
j=0

Hrf, mBRFPAle P FEm AN ITR, Ce RRNE
B, dFoRgikR . ik, WKERZERRAN

D; = Conv(D;—1) = MaxPool(gelu(D{;_1,,Ci)) (5)

Horp R SRR PR ARG S, 2R R Ik R a %
BN2t. Mi= 10, B TSI AR R
SHI%ESE, BID, =8 =[S),8,,,Sn]. KHHEHE
FEIE B e — AN B RZ B o

FR AR 17142 B ) 72 Ak B2 e 20 B4 77 1 22 30 e AR
Fi, RUKHH T 14585 8 = DR B R
&, ®rN

H} = tanh(W; 4 F") © (W, 4F"")  (6)
Hrp, OZFRFSNYT KEREH, o NZELRF
FIBHEAF, o) NsigmoidBREL, W () NEBIHIER
AT S S HL
3.3 FTEERE

FH T A8 I 1 Sh A R 2 AN W AR 11 HL 1 B 1)
HA RG2S R o8 &, BT 7 2% (i 5
2, B hAS E RG2S A R sh AT 2 S B IR R ]
BN BB, DA RO SRR 8 i W R fr 2 (] B
TS B R AT I I Bh A5 A [ RFAE
3.3.1 HTEWE

A S A [R] A 2 A 20 R EEAT H & B
WL, HAHE RS AN, R — K FE
— I 2] 2 T i DR A = — AN o AT A R S R
A € RNXNXN N — R BB 7RI e 152
BEA G, RMITERERERON,NN), H
BEE IR K, EAE R K. ISl iE T,
B4 B s S m s A () AT s (R R =2, filtan,
ANAEAR IR B TR B AT DAAE — R A OREG, IR B AT
785 B AN E B R A X B I B R TAE X 3. [
M, WME3fFFR, ZTuckerdff 5158 K IE AR
dka, RIAZE—AN B 25 (AR 1R AT 2 ) S 501
Kungk, FEAEVIGIAEET R AR E RS K.

HARH, R 3A AT 2 S 4 B AN LN A] 2 5] A0
k&, BB E' € RN<d, JEHT A NE” €
RNexd HERTT SR A E® € RNxd, ZOikEEP €
Réxdxd Sk i 5N

d d d
A;&,i,j = Z Z Z Eck)),q,rE;,oE;qE;,r (7)

o=1gqg=1r=1
A;tl,i,j = max(O,A;’m) (8)
&5 _
. e . N, -
tl o !EHZ_ d

]

8
o o
v
=
]
m
=

] N

o
| O:;@ e
L - L dxdxd

K 3 shas Kk

8
T
=
=
o T
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AT %

eA;/,i,j

N,
E eA;,,,'L,n
n=1

Hr, EY, E°, B nl s AT BRE. JRAG7T A
H AR s BN R . H LA 3N AR 3K = AP €
RNthprp’ A? € RNL><N3><Na *DAap GRN"XNI’XM‘%
NEEGr, GG,
3.3.2 AIFEIFHEEER

A R IRA [F) i B A I8 L AR 2 (R 4 v T
PR PN PERE o RN 2 TR 7E OC R AN AR
()2 A O R AT A R AR, 3Rt —Fh ] 52 2] 3))
SEBI, AR EASFE R 3 BT 5.

U B ASIBIRIIN X1, Ago T I %075
MBS R WE4FTR, BRBEANEm
B N BB A EATRR 2, AR & A R
Ay JE iR H s A5 73 0] 5k Rof BREUIR S H 208 1K
55 KIEDCRNNJ T, K AZ im0 Ay it 4842
FERE. 9 SRR ECIR A RN AT 22 3] S50 R R ey ke s
WP BOLFE -

T8t Zh A Rt A A BT 2 2 s Elig T
GRIEHE .. &P N\ FhE K & SR A I ] 1)
AJ 2R ST AR R, B IR 4 5 A AR R BRER
AR B AR ST R B BEIRAS, AT ) B BB R
JE SN

Ay =

K
H, = Z (A H{W* (10)
k=0
b, H] ZoR I erh KT 5 82 )t Be e
REFEE I Perh a2 2 S BB RN, WrR
A B4
3.4 ZHEMERR
BT RHAIE S5 5 BRI AR AE T AE C R IFAH
B, SR 2 7RG, BT Al
P A A 06 A2 38 9L =5 SR A AN A B AR AR 1R AT B RS
DASCHLSE DA i 22 i@y il . I g — A HiE

D, G (@]
T ] (@]
L] o
o
o )
N (@x) XI+I:IAQ
Ny
| ’/
A, S ot
SUNIEAES
N [ NN Xf+l-!'Q
N,

K 4 AT B EER

2 AT R A2 3 3T Y 4 Ry R AR AR B HEAT A R 3R,
TP J TSI 4% PR AR Al R AP A Ak DA e At
ERE.
3.4.1 FJEFFEFNGHBNFHIEIESS

ACEBE P, R RGN & RS T
W, AN T I S a3 2 T o= 2R S
b, AR B B AE A S R 18] T A AE B 2R
WG, N TR AR AN Bl R i 2 ST ST R I A R
HXFURERIBEAT 73 8, 345 4548 HY A B RF ik
H} RS, IRl AL S Jaaln
BEAT A R

Hlp/ = Aggregate(H], Propagate(H}')) (11)

HARH, L m] 2 S JERE A% e RN Nex N KR )
SEIG™,  DUAHER A L2 il B AT 18] B 2 TR ARt
PE,  ALRRAETORE AR 5% (10 4 B BUBCIR S AR R 2 T /5
T, A

H;” = Propagate(H}') = A':;p(t)HfW (12)

Horr, HP e RN P 2R 3l Bl R AR 0 32795 AU
s, dy N ERRBUIRES AR . NE BERE W 1A
s R, RHARERESUM( ) LA B & iR AR
ReJ1, RN

HY' = Aggregate(HJ, H;*) = H] + H;" (13

FAFAE S AN AE {H HP2 - H Y ELUA B
HEEN,, (i e 1, M]), KUl EEREY A
M

H) =H! +Y AV H*W

ot (14)

e=1
Horp Avre € RNONoxNoe Sy 55 e AN B RFAE 55 T2 RFAE
[ENREEN S

3.4.2 BIEBERSMIER

WEL(b) Fros, REA R B4 R A
Sl CTR WS il o S o TN | S o Y P e
FET BB L84 (Discrete Fourier Transform, DFT)
() I BATEE,  32 4 RS AR 3 )
PR A AR o AL, DAH RS T Al A
B) FR I P R AR )

(1)pRig A Az 4. DFT#E % B8 i@ m 7
HIHY (n), Ho<n<N-1. FIF14DFTH
L A AR e A AR IR
N-1o
> HY WXy
n=0 (15)
Hrr, Sy = e ICW/N) by % S fd BL A i 7E I 45k A
S B EUT 43 . T DFTHIXUR P, 5467 41

N-1
Xlg = 3 HY (ne o/ =
n=0
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H{"(n);@ﬁf@DFT(Inverse Discrete Fourier
Transform, IDFT)#43 2|

N—1
4 1 (2w n
H! (n) = N § X ]!/ N (16)
=0

%5 7€ Qpp SE PR E A B AR (Fast Fourier
Transform, FFT), FFTH XY 155 FR A E 3
P, BDFTIHHEEREMNON?)RAO(Nog,N),
EREEERN

H = W[pg) € COXT (17)
Hp, WERRIGFFTIZE, 1 NR A A 7
I FE . A IBILT 1 IR I TE e Sk S A 4, A
ML A UIRER R H, Hoabe 196 firf il iE ) )5
QRN [ F3 51 (R AR A 1k o

(2) e AR 7 ) O I AR v AR A
o BT E S BUR OB (E 5 PR BB, R
13 EEINBEAL ELAE DU RS . 25 78 WFFTi2 53R 15 1 4
WERH, BEHHHNREP = |H|?, A8
T BARA T .

I8 B =) 8 0 U A a8 o T I 2RI AE 0 9 H IE B
H )18 P ERR Ay &, Bz BME R AL
R A R AT R A, ORI ZRIT 1AL
) A% 3R AT DAL IR AT 22 S S E DU X 4y AT SR
HIMETE 3G N A RN N

Hiierea = H © (Ps > 0) (18)
Hr, oRZBmERFRE, H(Ps>0)R il
i, b ORE DR T BIE ORI HR, JF HIER I
f A

(3) AT 5 I YR UL A% . KA WA mT 2 > YE ik 2%
MNJE AR AZ AT ZEE G H % > 14 JR DS i 4 A H i
PRI EE Higorea 5 > I RIFRIER AR, RN

Hoe=Ws0H
Hp = Wi © Hjered

Hwe, Wi AR A 2] S5, Wl Ea
JEUR I A 8 AR DA R 4 T RO i Ay, B
Hinegrated = He + Hyp o BB RS HE TR
ARSI 5 A € S I A 1 S

(4) 100 el B A A 7 P R ] B P 33 A 36 (I
verse Fast Fourier Transform, IFFT )4 48 <2 i#
B e A (R B SR @ AR . WO, TS I SRS A

(19)

Q/ = W_l [Hintegrated] (20)

IFF THf R385 1) 22 18 it F5 10 5 5 A\ 3 83
H B SR AEH R 25 R R — .

3.5 Hith4Af4

ADGformer#i i, FY R IHA AT

- 1R, HAESE 1T, NS @EEdE H
IR R AT

F{’—VViﬂXpw&}

a a a a (21)
F{ = WiX" +gi,

FE B HIEAT R R IEBR AT
Ez—l :Hlp/ +17lp} (22)
Fj, = H} + F
BeAh, RN TEGAZ 25 TR Bk R i
R E . I IE AR B Z R RUIR A IR A%
BRI FEEIEREE T, AT AR R Q 28 BRI B 4%
E AT AL
H = ||l reshape( H™") (23)

X?, 1440 = Wier - ReLU(Wy - ReLU(H)
+ Efcl) + Efe2 (24)
Hor, VB BEEME,  reshape() A H 98 BREUCIR 2
HP' R E, WMl &% 2134 KMAESE
AR B B 3 21 i )1 R AR Y

1 t+Q N, R
Loss = o<W, _2: Z_: X7 = X7, (25)
i=t+1 j=1
4 I
4.1 BUIEE

T A S5 S5 76 1H <8 L i B3 0 S RV IX R 40 4
PEMSD4. & VI43th i et SR PEMSDS I [H iy i
AR IE R YE £ England F#E4T. Hd, PEMSD4
FMPEMSDS/E HPeMS(Caltrans Performance
Measurement System )Y (1) 3 B I 48 Jé
2 HBIX ) L SE i A B2 H R E R, R AR R
W30 s 1A, LAS min N FREEAT R 45 .
Englands& —/MUF 1 98 E =l A B A4S B4R
AHEEHESE, A5 mind NIRRT RE, RRET
6 H sl EE . BE R e E R InR 1R .
4.2 SLWRE

FIT A S5 ARl 14 vCPU Intel(R) Xeon(R)
Platinum 8362 CPU @ 2.80GHz, GPU:RTX

* 1 BEKFARER

LA Rip=t i WA K (min) A ()
PEMSD4 307 16 969 5 2
PEMSDS 170 17 833 5 2
England 314 17353 15 6
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2 %

AT %

3090(24 GB) * 1HF ENIAEE FHAT. fEHPyt-
orch1.11.0, Python3.8#1 ubuntu20.045¢%ADG-
formerfS R FFE ML,  FHKe dl 4R 12 [ 6:2:211)
el > il g gE . SRR APIREE, JFRA Adam
AT, X T PEMSDAIPEMSDS,
A VAR VR ARG . B2 RSE, B
FAMEIREIACNS, FEEKEN[1,2,1,2,1,2,1,2],
TG RE R KR N2, EIiE K/ A6, B3
I 38 45 Hh B BB 4E 2% BN 16, bach-size N16,
2R ABEN0.001. NERIEREH ADGformer [ 24
P, KPR % %2 (Mean Absolute Error,
MAE). P48} [ 4317 % (Average Absolute Per-
centage Error, MAPE) % 2 77 (Root Mean
Square Error, RMSE)3/MEAR X M REEAT T
AL

1 N

MAE:ﬁglm—m (26)
1 N A2
MSE = .| =S (Y, - Y, 2
RMS N;(z o) (27)
N A
1 Y,-Y,
MAPE_N; v (28)

Horb, NOUERRIT AL YARRESHME, YO,
4.3 HZEE

IR P S B B A Rk, ¥ ADGformer 5
PAT R AT EE AL

(1)HA (Historical Average)®”: JJjs~F#75
%, D3 SRR s A S AR Y

(2)VAR(Vector AutoregRessive)l: ] THfi#i¢
EZ FAIPS N

(3)XGBoost(eXtreme Gradient Boosting)?":
o T Y R R TV

(4)LR(Logistic Regression)®!: —FhF] F HN
77 A AR A A (] A A

(5)ASTGCN(Attention based Spatial-Tem-
poral Graph Convolutional Networks)®2: i} ==
T R I 38 I s A AR R % o DA SR A I
R BN A I 2 A

(6)GMAN(Graph Multi-Attention Network)®:
B TR NHFAE 2% (AR NS [A] H N 1) 25 R 2 A
LRS-y it

(7)DCRNN(Diffusion Convolutional Recurrent
Neural Network)®: —fh&h &4 # Kl 5 A2 A )
22 [ 8% [ B 255 D 8%

(8) MTGNN (Multivariate Time series predic-
tion model based on Graph Neural Network)!®:
— TR FH AR AR A 5 5 [ 1 3 S P P B 25 X 4%

(9)GWNet(Graph WaveNet)®: —Fjl 45
TR 28 A 7 R SR AR WX 28 134T 45 6 I 7 1
4.4 EWLER
4.4.1 FFEESCIE

7EPEMSD4,PEMSD8F1England 3 ##ki4E I,
B AD Gformer i 84 55 L2545 21 73 Jjil /£ Horizon 3,
Horizon 6F1Horizon 12 34N [a] BL_L#k4T T T v
AettE, ADGformert& U 7E 3/ Hdi4E EISLI T
R

27 LR, Frde I ADGformer 4! G
AR RIS K COk B R T ROR, HEET
P2 SRR (ASTGCN, GMAN, DCRNN,
MTGNNAFIGWNet) [ T K & TG g1t 77
. fEPEMSD4%#i%E b, 5VARMLR A 41Tl
MFTIAH L, ADGformert B EHorizon 3 HJ
MAES S 7 2921.57%, 16.72%, F 5 B2 B
ARSI B 7 H AR SR AR E A e . 1
Horizon 61, SK#T g LK FIASTGCN
FMDCRNNEZHAIA E, ADGformer i %4 78
PEMSDS¥#E 4 R MIMAPE 4 A4 & 120.39%,
12.31%, FWHATHEADGformer ¥ Y38 i 5 25 1)
g A A ) BRI i 2 BB iE H
W, G T AN [ (9715 R ) Y 0% R EAT 3 .
1L,k — A R A % K ] (1) 2 1) B ok R M A i
TR B 2 AR o

X 3L R B T b A B T B A S 2 (AN
SEE, BTN S R A2 d i B R e, AR K2
HOWA AL T BE A . GWNetFIMTGNN
(RN S By A LS ey AR S v v RV I b i R 67
FRER L 10 25 TR ARG 1 D T B A A5 A () T g o
1M, {EHorizon 12°F, 5GWNetfIMTGNNAHEL,
Frie B FIBE T AD Gformer7E England #8045 42 F 1
RMSEZ 5l gtk T 3.35%, 2.44%, FEJADGformer
FE A E i Masked Sub-series Transformer g 23 A
KiF I F o2 ) R 4650 B N XS REEM T
MR, IR TGN T P 51 R (R R s
T RIS E I A AR, o 3 N A
8o 3 b A €T N E (S i o i SO W iR = R e
820 K38 0, ADGformer 5 78 {1 Tl 4 GE 475 2R
FKINRLF o WIS UER, AT ADGformer
B S T 1 e O T 2R A A, K SR 12 R [
LT3R, R T ADGformerfE A R HUES
IR 1) 2311 5% B2 4% B 723 8 7 DK 58 14D [ Bt 0 B A
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* 2 BMEBAESMIRR EHTNER
Horizon 3 Horizon 6 Horizon 12
HRR L MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE
HA 3.567 9 6.778 7 0.080 3 3.568 9 6.779 7 0.080 4 3.570 7 6.781 5 0.080 4
VAR 1.662 4 3.0882 0.032 7 2.1250 4.015 6 0.043 3 2.568 7 4.834 7 0.053 6
XGBoost 1.447 1 2.973 2 0.028 8 1.9159 4.095 5 0.041 3 26327 5.323 9 0.058 5
LR 1.565 5 3.138 4 0.030 9 2.075 8 4.291 8 0.043 9 2.795 1 5.597 8 0.062 7
ASTGCN 1.542 8 3.142 8 0.032 3 1.937 4 4.106 2 0.042 5 2442 4 5.139 2 0.055 2
PEMSDA GMAN 1.376 0 2.980 3 0.027 9 1.621 3 3.790 6 0.034 8 1.865 0 44791 0.041 6
DCRNN 1.429 5 2.880 5 0.028 1 1.853 1 3.873 1 0.039 1 2.366 6 4.899 1 0.052 7
MTGNN 1.348 5 2.851 7 0.026 8 1.645 4 3.752 3 0.034 8 1.930 6 4.497 2 0.042 6
GWNet 1.326 6 2.8159 0.026 6 1.645 6 3.764 0 0.035 6 1.955 0 4.556 0 0.044 6
ADGformer 1.303 8 2.728 6 0.025 6 1.606 0 3.684 3 0.032 7 1.862 9 4.367 6 0.041 1
HA 2.8119 5.676 3 0.063 1 2.809 9 5.673 0 0.063 0 2.804 7 5.664 7 0.062 7
VAR 1.132 7 2.071 2 0.022 4 1.716 6 3.305 3 0.035 6 2.166 1 4.250 0 0.046 7
XGBoost 1.199 7 2.569 8 0.024 1 1.560 4 3.503 0 0.033 8 2.000 8 44840 0.045 8
LR 12711 2.633 5 0.024 4 1.661 4 3.560 6 0.033 5 2.168 1 4.579 4 0.045 9
ASTGCN 1.379 4 2.993 4 0.029 7 1.644 6 3.619 4 0.035 8 1.994 5 4.288 0 0.043 6
PEMSDS GMAN 1.137 4 2.675 2 0.023 4 1.323 7 3.3950 0.029 2 1.512 0 4.0524 0.035 5
DCRNN 1.195 7 2.467 9 0.023 6 1.534 7 3.303 4 0.032 5 1.905 1 4.145 1 0.042 7
MTGNN 1.140 2 2.573 8 0.023 4 1.397 7 3.491 3 0.031 4 1.632 3 42490 0.039 4
GWNet 1.118 4 0.023 3 2.553 3 1.384 9 3.632 7 0.031 9 1.604 3 4.242 4 0.039 1
ADGformer 1.046 9 2.451 6 0.019 1 1.318 5 3.282 0 0.028 5 1.505 8 4.051 4 0.035 3
HA 7.047 3 12.213 3 0.099 3 7.044 1 12.210 6 0.099 3 7.034 1 12.200 5 0.099 2
VAR 3.213 5 5.725 4 0.041 9 4.101 9 7.576 4 0.056 3 4.837 2 8.948 7 0.069 3
XGBoost 3.192 4 6.717 7 0.044 0 4.298 8 8.667 3 0.063 1 5623 7 10.475 6 0.0829
LR 3.773 2 74331 0.050 5 5.281 6 9.704 5 0.073 7 6.566 4 11.599 1 0.094 3
England ASTGCN 32141 6.540 4 0.043 9 3.926 2 79177 0.055 6 4.601 0 9.079 3 0.066 4
GMAN 26117 6.287 4 0.036 2 2.955 8 7.333 9 0.043 1 3.306 6 8.140 4 0.049 3
DCRNN 2.836 3 6.106 2 0.038 1 3.491 3 7.447 3 0.048 7 4.281 3 8.721 7 0.061 0
MTGNN 2.535 2 5.978 9 0.035 4 2.9216 7.0889 0.043 0 3.3359 7.993 6 0.050 7
GWNet 2.521 6 5.961 0 0.034 8 2.961 0 7.128 4 0.043 6 3.446 1 8.068 7 0.051 3
ADGformer 2.519 0 5.943 5 0.034 8 2.907 9 7.045 0 0.042 8 3.243 4 7.798 8 0.048 8

MEEAT T4 RO F AR T 288 i A AT A2 1k,

THRLSEI I Hr SR IR 45 R, WAR3FR, THRLSEE

o T AR P R TR A

NT FBIF R ADGlormerti Y, 4 ADGformer
iR 5XGBoost, ASTGCNAIDCRNNZEPEMSDA4
A England 34l 48 b 15256 45 R A7 nr Ak, w5
Fin, ADGformerfi 8! — HAL T XGBoost, AST-
GCNAMIDCRNN, i T B A 38 o, Fiel i 22
WKANEE /N, FHorizon 128, ADGformer[) i
DR 72 351 B AR T A LA Y, R B AR AR K
ST R TN B S R R o
4.4.2 HRHSIIE

N T IIFEADG former 5 B A [8) B B ) 4 BE
#PEMSD4, PEMSD8HI England ¥4 % F#E4T T

43 {EHorizon 3, Horizon 6f1Horizon 12_F#E17 il
W, AR G0N P

NMS-Trans: A~fMasked Sub-series Transformer
B

NLGConv: AEKMAT3EEZ(Masked Sub-
series Transformer fIEZ MK [ 138 &7 ;

NASB: R4 i BB

NDGConv: A EEIEEIZEM .

FHEE ST , Bl P39 0, - ADGformer
B Ve R A0 T H At AR AR, RS T TR AR AL
AR E A M . fEHorizon 12 I, ADGformer
LT AR AR AR NMS-Trans, NLGConv, NASBAI
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6
2.5 M . 0.06 _
5 |4
20 L 0.05
4 0.04 ¢
2 15 g g
= 2 = 003}
10 t 9 -
0.02
0.5 1 0.01
0 0 0
Horizon 3 Horizon 6 Horizon 12 Horizon 3 Horizon 6 Horizon 12 Horizon 3 Horizon 6 Horizon 12
NOEIAN NS I ]
(a) PEMSD4/{IMAEfH (b) PEMSD4[®RMSE{& (c) PEMSD4fIMAPE{4
6 12
] — 0.08 ]
5 L ot
? ! 0.07 |
4 8t 0.06
m €3] = = L
= 3 E 6 L % 0.05
2t 4t 0.03
0.02
Ly 27 0.01 |
0 0 0
Horizon 3 Horizon 6 Horizon 12 Horizon 3 Horizon 6 Horizon 12 Horizon 3 Horizon 6 Horizon 12
ENEEIAN ENJIIPIZRS IS
(d) EnglandffIMAE{H (¢) England I RMSE{H (f) England IMAPEfH
[ ]XGBoost [__]ASTGCN [ DCRNN [l ADGformer
5 PEMSD4MEngland £# 82 A RIS 1 BE LR
%< 3 ADGformert®EE! 5 (R B 75 A< [5] B [8] 25K B TN 14 B
e - Horizon 3 Horizon 6 Horizon 12
MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

NMS-Trans 1.330 3 2.810 3 0.026 2
NLGConv 1.353 8 2.828 6 0.027 6
PEMSD4 NASB 1.303 2 2.772 3 0.025 8
NDGConv 1.345 2 2.828 4 0.026 4
ADGformer 1.303 8 2.728 6 0.025 6

1.643 3 3.727 1 0.035 1 1.934 3 4.493 5 0.043 2
1.656 0 3.784 3 0.036 7 1.962 9 4.567 6 0.044 1
1.6111 3.694 7 0.033 9 1.880 2 4.399 0 0.041 9
1.684 3 3.782 7 0.035 7 2.016 0 4.625 8 0.045 1
1.606 0 3.684 3 0.032 7 1.862 9 4.367 6 0.041 1

NMS-Trans 1.103 9 2.483 2 0.021 9
NLGConv 1.111 4 2.500 5 0.022 2
PEMSDS NASB 1.121 8 2.566 9 0.022 9
NDGConv 1.149 5 2.563 2 0.023 9
ADGformer 1.046 9 2.451 6 0.019 1

1.360 0 3.332 8 0.029 1 1.607 1 4.076 5 0.036 3
1.389 6 3.447 0 0.030 4 1.666 7 4.263 7 0.038 5
1.398 2 3.533 4 0.0310 1.631 3 4.232 8 0.037 9
1.442 5 3.497 0 0.0319 1.724 6 4.263 1 0.039 7
1.318 5 3.282 0 0.028 5 1.505 8 4.051 4 0.035 3

NMS-Trans 2.528 2 59949  0.0353
NLGConv 25132  6.2711 0.037 3
England NASB 2.524 7 5.984 7 0.035 3

NDGConv 2.555 7 6.088 4 0.036 2
ADGformer 2.519 0 5.943 5 0.034 8

2.889 0 7.109 5 0.043 3 3.288 5 7.900 6 0.050 6
2.988 9 7178 7 0.044 2 3.297 7 7.993 7 0.059 9
29119 7.092 5 0.044 3 3.267 8 7.917 2 0.050 3

2.957 3 7.258 3 0.044 2 3.339 8 7.997 9 0.051 3
2.907 9 7.045 0 0.042 8 3.243 4 7.798 8 0.048 8

NDG Conv7E £ #EEPEMSDA FIMAES I FEA% T
#13.69%, 5.09%, 0.92%fM7.59%, TEHIEEEng-
land_FFIMAPE S 5K T £13.56%, 18.53%, 2.98%
M4.87%, EH T ADGformer MY A R4 B AL i
TBSIR IS AS I R, AR s R ss @ m &

S 1) 1] PR 35 AR AT (1) [ B 31 A2 30 s T 1
PRaE, fEm TBIAK AT AR 7. 9 A Hh R B
ADGformer 5 B B FM 20 K ) R RE A AL, K
PEMSDS8MEngland #0454 I ) 5256 25 SR AT AT AL
1, VL6, NMS-Transt M fEfL TNLGConv,
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z 230 g ’
S 12t Z 25| = 0025
1.0 + 20 0.020 +
0.8 F 15 | 0.015 |
0.6 - 1.0 . N 0.010 S —
0 2 4 6 8 10 12 0 2 4 10 12 0 2 4 6 8 10 12
RPN PN RS
(a) PEMSDSHIMAE(H (b) PEMSDS/{IRMSEf# (c) PEMSDS/{/MAPE(H
- 0.065
3.4 8 I 0.060 |
3.2 0.055 |
8.0 Tr o 0.050 |
m 2.8 A A 0.045 |
= 26 = 6 <
= = = 0040 |
s 5 0.035 |
2.2 0.030 |
20 | 4l 0.025 |
1.8 — S R 0.020 —
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LRSS
(d) EnglandfIMAEfE

ERIES
(e) England fIRMSEfH

I ) 254
(f) EnglandJMAPEfH

—e— ADGformer —=— NMS-Trans —— NLGConv —+— NASB —+— NDGConv

6 PEMSDSHMEngland#(#E £ I 548 A8 11 e %o L

ﬁ% 7 Masked Sub-series TransformerFI#Z K [ 1%

BRI TG Wb 45 & 8 15 AD Gformer B8 6 5 24/ 3K 28

TE I ) A AR AR AT K B AR 1 . S N ASBA

NDGConvﬂ‘H b, RO T & PSSR A R

TE I A ST AR ) [F] B AR A T KA A A B

ﬁﬁ HEhZs B & 48 A ) 30 2 B 4 1 78 0 % 18
AT I DX T ] B ) B A i A DG

5 HRiE

N T R R B A A I AT T A TR BT A AE [ )
(1) JoVEA R 4 B DX 4 R 1] 5 1) 2 28 I 25 A O
P (2) TCiEA B2 1 K5 52 5 B A O B TR
R ARRE; (3)IEA ARE AT @ H
AR, 3R T — MA@ R A S AR ADG-
former, SEIL T REHERIK I BRI . ADG-
former i 5t it Masked Sub-series Transformer X}
K7 AR A AT N R LB R I E R EE
MFIFHERR, HIGWEE TG FD K G
AT - i e A8 Il K W AR AIE,  $R R
KM EE 71, HIK, ADGformer M5l A3 8 5
A RS lﬂ%* 2, BHT2I8EEEGH
DA 000 30 % PO ) Bk ) A i) S A Gk . S 4%,
ADGformer ¥ vt 1 2 -8 HL AR i 1) [ o B A0
828 L (1 SN U E B VAL R S R 2 ]
BAR AT 3 A ) P Atk B[R] 25 18 T EI'J

HEAER .
HhoRE 25 I R, $R

B IE R R AL, AR T AR
re AR R e
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Abstract:
Objective

The rapid development of Intelligent Transportation Systems (ITS), combined with population

growth and increasing vehicle ownership, has intensified traffic congestion and road capacity limitations.

Accurate and timely traffic flow prediction supports traffic control centers in road management and assists

travelers in avoiding congestion and improving travel efficiency, thereby relieving traffic pressure and enhancing

road network utilization. However, current models struggle to capture the complex, non-stationary, and long-
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term dependent characteristics of traffic systems, limiting prediction accuracy. To address these limitations,
deep learning approaches—such as dynamic graph convolution and Transformer architectures—have gained
prominence in traffic prediction. This study proposes a dynamic graph convolutional traffic flow prediction
model (ADGformer) that integrates a long-term Transformer with an adaptive Fourier transform. The model is
designed to more effectively capture long-term temporal dependencies, handle non-stationary patterns, and
extract latent dynamic spatiotemporal features from traffic flow data.

Methods The ADGformer model, based on a Long-Term Transformer and Adaptive Fourier Transform,
comprises three primary components:a stacked Long-term Gated Convolutional (LGConv) layer, a spatial
convolutional layer, and a Multifaceted Fusion Module. The LGConv layer integrates a Masked Sub-series
Transformer and dilated gated convolution to extract long-term trend features from temporally segmented
traffic flow series, thereby enhancing long-term prediction performance. The Masked Sub-series
Transformer—comprising the Subsequent Temporal Representation Learner (STRL) and a self-supervised task
head—Ilearns compact and context-rich representations from extended time series sub-segments. The spatial
convolutional layer incorporates a dynamic graph constructor that generates learnable graphs based on the
hidden states of spatially related nodes. These dynamic graphs are then processed using learnable dynamic
graph convolution to extract latent spatial features that evolve over time. To address the non-stationarity of
traffic flow sequences, an adaptive spectral block based on Fourier transform is introduced.

Results and Discussions The ADGformer model adaptively models inter-node relationships through a dynamic
graph constructor, effectively capturing spatial dependencies within traffic networks and the evolving spatial
characteristics of traffic flows. It also learns compressed, context-rich subsequence representations and long-
term temporal patterns from extended input sequences. The adaptive spectral block, based on the Fourier
transform, reduces the non-stationarity of traffic flow data. To evaluate model performance, this study conducts
comparison and ablation experiments on three benchmark datasets. On the PEMSD4 dataset, the ADGformer
model reduces MAE under Horizon 3 by approximately 21.57% and 16.72% compared with traditional models
such as VAR and LR, respectively. Under Horizon 12 on the England dataset, ADGformer reduces RMSE by
3.35% and 2.44% compared with GWNet and MTGNN, respectively. ADGformer achieves the highest
prediction accuracy across all three datasets (Table 2). Visualization comparisons with XGBoost, ASTGCN,
and DCRNN on PEMSD4 and England datasets further confirm its superior long-term predictive performance
(Fig. 5). The model maintains robust performance as the prediction horizon increases. To assess the
contributions of individual components, ablation experiments are performed for Horizons 3, 6, and 12. On
Horizon 12 of the PEMSD4 dataset, ADGformer improves MAE by approximately 3.69%, 5.09%, 0.92%, and
7.59% relative to the variant models NMS-Trans, NLGConv, NASB, and NDGConv, respectively. On the
England dataset, MAPE is reduced by 3.56%, 18.53%, 2.98%, and 4.87%, respectively (Table 3). Visual results
of the ablation study (Fig. 6) show that ADGformer consistently outperforms its variants as the forecast step
increases, confirming the effectiveness of each module in the proposed model.

Conclusions To address the limitations of existing traffic flow prediction models—mnamely, (1) failure to
capture hidden dynamic spatio-temporal correlations among road network nodes, (2) insufficient learning of key
temporal information and long-term trend features from extended historical sequences, and (3) limited ability to
reduce the non-stationarity of traffic data—this study proposes a combinatorial traffic flow prediction model,
ADGformer, which enables accurate long-term traffic flow prediction. ADGformer employs a Masked Sub-series
Transformer to pre-train long historical sequences and extract compact, information-rich subsequence
representations. A gated mechanism combined with one-dimensional dilated convolution is then applied to
capture long-term trend features and enhance temporal modeling capacity. The model also integrates a spatial
convolutional layer constructed from dynamic traffic patterns. Through learnable dynamic graph convolution, it
effectively captures evolving spatial dependencies across the network. Furthermore, an adaptive spectral block
based on Fourier transform is designed to enhance feature representation and reduce non-stationarity by
applying adaptive thresholding to suppress noise, while preserving both long- and short-term interactions.
Given the complex and variable nature of traffic flow, future work will consider integrating additional features
such as periodicity to further improve prediction performance.

Key words: Traffic flow prediction; Dynamic graph convolution; Long-term transformer; Fourier transform;

Non-stationarity
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