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[(HZE]  HECE BT RUTH 53 28 A, R 2ok F— 40 A AT 400, 400 A T 00 B 8] )5 37 ELAG B8 v Rt R 4
I AR S R BIFIE 30 BLREAS g M5 137 8 £ 355155 ( Gramian Angular Field , GAF ) 15 AR b 25 B 48 M0 U (R 20 &, SCroléy
XTEEAL AT BB ] 5 51 o3 2 EA TR ABIESE , 6T B BT 7 AR TE AR DG IR AT OL A, B 5EB e GAF Bk pyitaa
LA A 35 AR SEAT RF1% (imbalance factor subtraction, IFS) , DL 3L AlHE BB GAF B9 =M i858 1TEARIR K 5
FAEEEIT 6 T MG AE i B i2 5. LR X 4 BRI AU )= B e g 4 [ L, SC ol GRS 94T
55 AN 4 B T TR 1 2% ( Vision Transformer, ViT) | 18 33 % sk e 4 i € 331 504031 J5 09 7 DA 4 Ry 90473
B B R AR R, A5 B R A AR R, S5, B S D VAT B AL ) B B B4 M (lightweight
convolutional token, LCT) , 8 i — 2 5 AR EURLR 17 51 A0 JE R AE , SR TR VAT 45550 %o (1 4% 7 SR 421 Jir iy Sk 114
FRBIK. Z5E U BIrA R T IFS-LCT-ViT B8 h T S TEAL Y (196 &0, 78 UCR B R H Y 11 R g Lk
1T 7528, G55K0 %K% 5 GRU-FCN . TST,GAF-CNN , XCM . OSCNN MultiRocket AH I, 7E 6 444 |- 3k75
T 85.9% .80.2% .68.2% .63.0.85.3% F 84.0% [¥) fix = HERN R TEHH T 124 R A I 8] 7 91 0 24T 55 B 1A .
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Time Series Classification Method Based on IFS-LCT-ViT
Yang Sidong' ,Wang Ke', Liu Bing', Su Bing®

(School of Computer Science and Technology, China University of Mining and Technology , Xuzhou 221000, China)
(2.Hebei Television Broadcasts and Information Network Group Qinhuangdao Co,Ltd, Qinhuangdao 066000, China)

Abstract : Currently, most of time series classification problems are analyzed from a one-dimensional perspective. Time
series in a two-dimensional perspective have higher levels of data, which brings more space for research exploration, but
there are fewer related studies. And the studies are basically a combination of Gramian Angular Field ( GAF) and
convolutional neural network models. In this paper,time series classification from the image perspective will be studied in
depth. The related problems existing in current method will be optimized. Firstly,the Imbalance Factor Subtraction(IFS)
method is proposed to solve the computational redundancy problem of the GAF algorithm. It replaces the trigonometric
operation of GAF with the basic operation,which reduces the operation of the image generation process without losing the
classification accuracy. Secondly,aiming at the problem of local preference in convolutional class models,the task of image
recognition is given to the Vision Transformer ( ViT). The overall features of the image are obtained by segmenting the
temporal transition graph and then assigning the attention weight in the same way to all segmented subblocks. Finally,
a lightweight convolutional token ( LCT) adapted to ViT is proposed to exiract the local features of the original sequence
through one-dimensional convolution to compensate for the information loss caused by the simple hard segmentation of the
image by ViT. Combining all of the above, [FS-LCT-ViT is proposed,and to verify the validity of the model, experiments
were carried out on 11 datasets on the UCR website. Experimental results show that compared with GRU-FCN,TST,GADF-
CNN,XCM,OSCNN and MultiRocket ,the model obtains the highest accuracy of 85.9%,80.2% ,68.2% ,63.0,85.3% and
84.0% on six datasets,which proves the effectiveness of the model in time series classification tasks.
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E R, B (8] 1) 43 2 0] R AT G oA B T A% GEpL e 2 20 1 43 28 Ty 1 RIS 1 ot 28 I 4% RO TR B 2 ) O . il
B RZVINKT7 AR, TERAE I 7 R GRS H A AR IR A TR | IS 4 L 2 2 2 M 28 R A T4
TEPRIL, Bl 19X 2% P IR BB o 2R AR SR (08 8 ST i, (E T AR B T A 1S MRFAE.

FEGENL g8 2 s T 4B (K nearest neighbors , KNN) RSB E | JCHEYE T 1) (8] ¢ 51 2 8] 3 i s i
2. BRI TE] 2 R B R A A BRERIE 251 (euclidean distance , ED) 21 25 #1 %& i 057 dynamic time
warping, DTW) , UCR ‘E 7B W2 5 A R HE 4 5 k.

HRIE IR B2 S AU A I 5, 2018 4F | Elsayed 251 $2 A9 1732006 248 4 2 AL 4% ( gate recurrent unit-
fully convolutional network , GRU-FCN) , | FHAE 544 28 X 2% %o s} (8] 75 0 (A2 1247 BaE A T3 3, ] B o P 4 4
TR 28 D0 28 BB (1] o 270 9 Jmy AR AIE , 35 45 0 AR B AU 4ER 1 00 2 1945 BL. 2021 4F | Zerveas
AEUTRIN AL T A [ TERE T (I 43 S5 (ransformer-based time , TST) | Rl FVE 2 Iy Lk % & 55 7 BeatA 7
L, 7F Heartbeat  InsectWingbeat 284 FRCFIA . 2021 4F | Fauvel 251 8 T —Ffml fi B 1 5 B
2 2% ( Explainable Convolutional Neural Network , XCM ) F T 0] 31 4328 | BE 8 o MRS A 0001 H X402
TTRR %X, 2022 4F, Tang 551742 ) T 4207 (34 BURI 22 B £ (OMNI-SCALE CNNS, OSCNN) , 5 28U fft
TR T 25 AR 28 R AR T R B R/ e % 1) BB, MultiRocket J2 Tan 288 7E 2022 4E %} Rocket 5 %11
B , 5 Rocket fff FHREALE FUZ A9 7 R TA], MultiRocket i FH—2H 55 /0> HL I8 %2 B9 & B2, IF48 I 1 & oh
g LA [ ARAS 1 B A v .

A AR S — e AR T (0 40 AR Wang 45110 48 H 19— Flofg sF 1] 1 810 2% 48 Ay PR 0 4 17 48 £ 3
(Gramian Angular Field, GAF) 45 EIGML A T B [R]F 51 43 SRR 05 1 B, GAF 45 5 45 PR 1 248 () 2%
g H RS AT i) 8 40 25 5 %0 7 ZE. 2020 4F PEHT T Bl A GAF FIL g B 22 ) 4%
(convolution neural network , CNN) X172 U Fe A A THUBERI2 W, 7e il 1R ZRHIEXT I 5 5 SR AEBE 1A 2
IRl 2021 4 8 HZERKE G I T CAF B4 B BN 45 ( DenseNet ) 528 T %R gh il 7k 1) i
W e A R R B 5 R B S

AT LA W e R 2R ) R A ik b FE 3 BRI — e A R RO R R A T RO B 98 AH A
b BEAb TR (] 51 23 S4TSR D7 19 UCR Bdladk b ilifT9es, kB GAF 54 CNN 1977 X5 ety
— YRRV LU RS A b €. S 1 B e R AR T I TP 0 43 S8 1 55 % ) 454 GAF-CNN Jr kit A7 IR
PIEHGHE. (1) X5 GAF Jr i fifh, & H NP PR 1) RRAIR 17 I ) 7 90) e 46 Ay PR A sk ). A SO 2 7
GAF " AL BEIE ST, LU BRI ] J 21) 46 Ay PR 1) oK (a7 A I TR 52 2% B8, I L | ARS8 2800 Jr =X
e E AR I EMRAFAE , LR PR UE /S SRUERT 3. (2) 32 1 MR A T i I 8] 3 470 43 2R i B 6. T
T X PG B B A T 8, F AR ) CNN A A B Sk i ) 7 7 J1 AR (vision transformer, ViT) |, L
TR BB O AN ] - He 3 BE AR, A A5 A8 56 10 B Dy SC B 4% 0, 9 T 48 3 I PRI Y 0 R BE . ot
Ab, SR A TR RN T R R S R LA Rk — D AR E AR ) S S PERE.

1 HEER

1.1 RIS RGE

R T ARY 71 37 02 L RS — 2N ) P 9 e 48 g — 248 RIS T e o )2 B 7 0 0 FRIAR 8 £ 37 12 0 1
) 7 S e 45 kg PRIAR B 2D BRANES

Step 1: 43 E M EFH) X =[x, 00y, |, AP IV AT B K I/ MEARHEAL , 45751 v 1) A5 5080 1 7%
FE[0, 1] IXTEI .

x;—min( X)
xi_maX(X)—min(X)' (D

Step 2 BEARUEAL S I (8] 1 WS BB AR AR 2, FAEEIC R &, 2B ARICHE roo SIS TRIER, V A TE DU A A Al

P i) 5 O T

¢, =arccos(%;), —-1<x<1,x€x

(2)

r=

¢
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N
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Step 3: TTE M ALFR R TP OCR ZE A0 IE 5%, T HAE N GAF KHZRIG E1E.
G;=sin(¢,-¢;) (3)
GAF I RS A sE B an T .

% 1. BB RAG, HEERE 0(n”)+30(n)

FA TS X = {x) 2y, 5, |
i R Y (L)) = DYoo Yot s Y |
X_min—Min(X)
X_max«<—Max(X)
fori=1,2,-+-,n do
X_cos;«—(x;=X_min) /(X_max—X_min)

. 2
X_sin«—1-X_cos;

end for
for i=1,2,---,n do

for j=1,2,---,n do

O 0 9 N Lt AW N =

yijf—X_smi -X_cosj -X_cos,; -X_smj

—_
o

end for

[
—_

end for

—
\S)

return Y

el AT 157 2 4M LR S0 S ME 5 B, LS A 2 0 (n). 173 547 6 Z2id—
UCHRSR  BHE LA 0(n). 477 FAT 1LRRUZESR, WIS ZEEN 0(n®). BTEVRIH GAF 448616 1351
FER EHR IR S 0(n®) +30(n).
12 ARLAEEHNE

VLS4 Y R (VIT) S Transformer 400 FH T IR A 2 30, BURTT LS R A 3 )2,

1.2.1 #AE P
SR 4T 2 0 B S RO A, P
ARG H I /N T e, LU SR A 14
—d-dr

REASEIE K S8 SR LA P, R 848
AN ASFEB WE TR HxWxC i EUR R 2

BEIN HxW/P? A5 BRIy PxPxC T IE B W
HWK R T RS TFHBIALE X 1-N A B1 SE5EE
B . BRSOk e R S A T e g Fig.1 Segmentation diagram

AR T USRS 4 S 8O0 M S R BEA T AR N ZE M2k AR AR b, B B2 ) A AR
1.2.2 %A E

I B )2 B AT () 4% 003043, 1 L 1 Transformer Encoder Block 3 4H 1. Transformer Encoder Block
A INEL 2 .

Horp | Transformer Encoder Block H#%.0>4& Multi Head Attention, |§ 7E%F T3 ¢ 31 43 e v 2 ), 7E 4 42
2 Jry 5 5L A8 [ s IR SR B A .

Wi A F| Multi Head Attention B FIRFFI [ P, P, , -+, P, ] , W EH—AFHIEAT 3 IR Ky
TEHERE AR 2 d,, 53 BICAEA ] ) 5 Q(to match others) , B {H [a] & K (to be matched) , JEPE(E i V(to be
extracted ) , Ul P, /9 [ {3 & 145537 B AR A5RAS .

qi

Attention(P,) = X[V, Vy, -, Vi1,

N
qi
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Encode Block | 7 | i oo
| Layer Norlmahzat]on | i i | Linear | E
| Multi Head Attention | i i 1 !
l E i | Gelu | E
| Dropout | E i 1
— ' [ Dropw | |
| Layer Normalization | 1
l ) E | Linear | E
| MLPBlock ! ! 1
l | Dropout | i

| Dropout |

B 2 Transformer encoder block £5#4E
Fig.2 Transformer encoder block structure diagram
TEARE] P, W ATER A G, P, 19 h SKTER AT DL LUR 23055 1
MultiHead ( P,) = [ head, ,head, ,--  head, ] xW, ,
head, = Attention ( P;) . ()
123 #rb &
WAL Z M2 G, & FIW 2 LB TE L ie 52 5. i )2 (MLP Head) B Linear
JZ , Tanh i BREL, Linear JZ AU, HIRX A T Hp0 {5 BT R4, A4 21Z SR THEA KM, &
AR T oo B BT B T 288 5.

2 IFS-LCT-ViT Jjik

2.1 AEERFE

ANEAF R 77 (imbalance factor subtraction, TFS ) 2 X 4% 1 i 1 377k 0 fa b, 46 8 1 37 5 BE R OT R
Y R AR SZARL , FE VT 58 SRR 9285 1 5 T H A S AR 5% AR R T 22 (B2 (B %) TE 5% A8, AR SCRS B T 28 G v i)
A RBERAE  BUMAR 2 B2 5 AP RS- K7

Step 1: 5 BRI HFH X={x,,2,,,x, |, BT H PP CER Z B 228, 15 B 220 % G.

G, =x,—x; (6)
Step 2: GI AT F o F1 B, (A5 XS LN FR ) HE RE AR A AN, DL IR ECE I =F & B REAE.
G,;=(6,~a)/B (7)
Step 3 K REXT AL IR B E U A, i — 20 3 5 UG RHE.
Gy, i 7]
C= Gij+%+x , 1=j (8)

IFS Jri A B S BN T .

X 2. A TEEF HEERE 0(n®)

A BHEFS) X={x,,2,, %, |, AT a,B
ﬁ_ﬁﬂj F;{I'f% Y(l,])= U'oo »Yorr™"" a}’,m}

1 fori=1,2,---,ndo

2 for j=1,2,---,n do

3 Vi xR

4 Y () /B

5 if(i=y)

6 Yyt +a/B
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7 end for
8 end for
9  return Y

LA 7 A B — D XUZEER, BT AR 2 28 BEAUN 0 (n?) , 5 GAF J5iiiy 0(n?) +30(n) H
FAFAEAL S AL, GAF Tk BT iy PR, G T X0 AR O AR OB HL W 2k TR0 0, fE R 221
2 h 8 T G FHE, IFS Sl 0 5 | AP 7 FIXE R A AT R IR 7 E & T I — R IE.

22 RBRESMSHE

M2 1 AT U Y VT B DL AR] SR 7351 ) 7 ORF s P e 49 P 2 D AR TR] ) 3 B 33k ol s 751 )
7 AR AR SCHR (19 oy A AL T AR 9 1B 2 v S ARASE TRXE LX I S JAR SRR 1 Jm R AR A A

— i D SEL B K T A3 R O AR Sh R ORI bl B & R, AR R AR R T
LA RCAE i) — > - Herp (ELORE 25T B OB |, S BUSOR Ry 18 55 B R B .

RSO A [P S AT — 4R AR, ARG RAE N VIT B934 8, 70284 i 5 )51 SRy s
FHIE AR I, R TR MG A 5 B AR B X AR B AT LA g B R SR B R L R B SR
R Bl 7 A T B 7 T A HE R e s/

BRSO BEIIG A TBSNS R, R 1X— 0 R A 520 | AT RE i — 4R 45 R4 R A
b, A SR —AER L PT35I 8 — AR TR — 4R B AT 4 B B ARUR S5 8] 3 R,

Maps * C,,
Input channels * C, Maps * C, Filters * C,,
—
Filters * C,
T LT
-
% .__II
N Yy \ J
Depth Wise Conv Point Wise Conv

B3 —HRENENELE

Fig. 3 Depth convolutionable structure diagram

M3 Ha] DU Y — R R] 50 B BUZ 50 Depth Wise £ A B Al Point Wise ZFHBTEL. 7E Depth
Wise BB, (- 2H B RREOR , B B i A REIE 2L C , BVREASE TE y—H A T, B RRSE h k,
Depth Wise (S5 H kxC. 7 Point Wise BB, BBL I RST B 1, -5 EIER E A C, ,Point Wise 2
By OxC,. AEEEERZ , 280N kxCxC, T SN C(kxC—k—C,).

TE—HETR ] 73 B 6 A2 1Y kil | 3% R DE——
i LA B He (lightweight convolutional : '
token , LCT) I HEARZE AT AN 4 Fr7s. B E/2 3
J DPConv Block #:, i % U AN AN,
B Sz B 2 1 R, #:4> DPConv Block
Nl —4EREE Al oy s s BUR H— AR R O

DPConv Block E

Depth Wise Conv

Point Wise Conv

Batch

JRAUR. FU K BBUR MM AS FGERL | [Asmeaerol | | 0| e
TEALIR AR K BE R a9 A 28 (Sfp’ .
ARG S AL E K. REEE Dimension : : :
AP SRR A AL, 5 ViT Ty | Reowmton | e
KM . e oo

o, Bl RSP 3t A 2 B 2 KR H4 sRSMERLnE
PxP/C ,H Pl ViT A Patch K/ ,C )G Fig. 4 Structure diagram of the convolutional token model
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—~ DPConv Block Ftfy 8B AEEL, 555 Hhd i SRR [ IS NP2t b )25 CxStep SA1H PxP.
2.3 IRBEVER(KZE

DL 1.2 5 VAT AORERIZERE S St | WAl DR AR BT VAT A48 B G2 BT, RIVKe B 1] 7 51)
e kg UG PREEA T 40 51 55 S . T e B A RS i A B - RN 5 UG B — Rl A B 4wt J2
WRZARH N, 5 EUGAE BRI B Gt P AL BRI R T, 5528 IFS-LCT-ViT AR AR ZE R AN K] 5 7.

BB BIE

Step 1: FIFH IFS 70 isf (] 7 270 4 B 64 7 5 98 g HL A oo TRMA.

Step 2 : % BUGHEAT 43 F I X AL B AT 4.

Step 3 : FI| T A5 B A MUSTHORE B 8] 9 546 R 55 MR - H O/ INE R 8 2 WL, I AE BT A - Z

Step 4 : #4425 T Hedi A 2| Transformer Encode Blocks 7.

Step 5 ¥4 2 ith )2 3 42 2 i 1 )2, A5 B ISF (] 7 80 94) S0 24531

RS MR

hape

-
|
|
|
|
: Conv Token
|
|
-

0 25 50 75 100 125 150

Encode Blocks
MLP Head
w

Position Embedding
L ]

5 IFS-LCT-ViT #8543
Fig. 5 IFS-LCT-ViT model structure diagram

3 S ek
3.1 HIER&ERIEMIERR

UCR $¥a4E 2 0f B 7 20 7 28 i e S8 4 OO AE T ok BB R YT (32 8l G S5 AN [R1 4 1) 128 A4~
I E PS4 4A. UCR B FAH THT ED Ml DTW FEE BB 0 1-NN 2028 MER R, V5 i 50 s 4 10 3 i v
R, ARSI T Hod ) 11 MRS TS0, 2 A AR LR R Bk 1 iR,

*1 HEEEHABEER
Table 1 The dataset details table

b€/ N iR S Ak ESillk K WREERS  ShAS MU R

ChlorineConcentration 467 3 840 3 166 0.65 0.65
DistalPhalanxOutlineAgeGroup 400 139 3 80 0.63 0.77
DistalPhalanxOutlineCorrect 600 276 2 80 0.72 0.72
DistalPhalanxTW 400 139 6 80 0.63 0.59
Medicallmages 381 760 10 99 0.68 0.74
MiddlePhalanxOutlineAgeGroup 400 154 3 80 0.52 0.50
MiddlePhalanxOutlineCorrect 600 291 2 80 0.77 0.70
MiddlePhalanxTW 399 154 6 80 0.51 0.51
PhalangesOutlinesCorrect 1 800 858 2 80 0.76 0.73
ProximalPhalanxTW 400 205 6 80 0.71 0.76
ItalyPowerDemand 67 1 029 2 24 0.96 0.95

N T BRI A A R, ASSCHT T UCR Eil 5 B 07 TR AR PP H8 b5, HERR 3 (Ace) RYTTHER

ARIAF(9)
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_ TP+TN (9)
TP+TN+FP+FN’

TP AR IEAEA TN A 1E , TN AR IEREAS TN A £, FN ARZR SOREAS TN Sy £, FP AR SOREAS T A 1E.

32 ZHRMESSHEE

Acc

AR SCHY 52 56 48 1 IKE AL 2] 8% (GPU, graphics £2 LWITITHE
processing unit ) 3 45 & F — 1T B 22 F) ( CUDA, Table 2 The experimental operating environment
Compute Unified Device Architecture ) S s AL, s SR %H hAs
0 LUK GG R EERBERAR PFFRES N e 2 B, P Tt
B SRR B SRR I TR e A - o
AT, ORI o 1B 0 0.5, R HRER wibr Pytorch 170
ARBRBHE 3 B BURIE B NN 3, cun 110

5,7] BB E N[ 128,256,128] , AIEMFHIM LR B KICE N 8. Z 52 VIT MSHBEE, Tk
INBCE A 32 % 32, A TERE IR AESERE U M 512, MLP Head FFAFZERESEE N 1 024, BRREE SRS N 6. fit
JR R 1027 ) R BN 1e-5.

RS HC I Gl Rk ARAE WL E ) 1000, HEAL BRI/ 25, 554> epoch JE #RHEAT — YR I,
AR R ELE 50 MU TR R 7 R I 25, DAL B Adam JRALAR 2 2T KA 1e-5, 342K PR
B SUAB K PR
3.3 XL
3.3.1 RPHET RA AL E

(1) ISRV TE  IFS 55 GAF Jy kR [ e 3 T2, 2o SR 7 4R BB I HERE.

®3 TTRIEXIEE

Table 3 Runtime comparison ms
PlIER S ik 5
Es
GAF IFS Eisiis GAF IFS Eieiis

cC 49 41 16.33% 457 434 5.03%
DPOAG 13 9 30.77% 6 4 33.33%
DPOC 25 11 56.00% 10 8 20.00%
DPTW 11 9 18.18% 4 3 25.00%
MI 14 10 28.57% 40 27 32.50%
MPOAG 12 7 41.67% 5 3 40.00%
MPOC 15 10 33.33% 9 5 44.44%
MPTW 11 6 45.45% 5 3 40.00%
POC 47 35 25.53% 24 17 29.17%
PPTW 12 7 41.67% 8 5 37.50%
IPD 0.5 0.2 60.00% 6 4 33.33%
SR 31.64% 30.94%

MR EHE AT IFS %5 GAF kML, 78 11 D8 4E i U 2 g L34 80 T 31.64% , 261
LR T 30.94% , B IFS ZERTHIRCE L HATRE. BAR IFS 5 GAF —#F, 115 B KAk L&A
3ANEER A R 3k 1) =B IR AR AR A SE B, 7T DA A B 25— AN 25 BRI SUZ A 2R e DT R A I
IR e SR EIRN S B S

(2) MERGRIAIE , A H CNNUURT VIT 75 R SR IR 45 A Bt 4 A MERf SR AN 4 iR, #rp B
RF IR RE.

MEHEAE AT AE 11 DEEESE L, DL CNN PR EMGR IR TIPS T R 3 T 6 Ui i HERA %, &
T GAF 1Y 5 WK, IFS kAR RHE. MAELL VIT /R EUGIR BB [ 1FS K48 T 7 Wik m HER 2, I
T GAF 1Y 4 R AT AW, UL AT 7E 7 a2 [ TIFS W T GAF J7ik, JEIRTE T 1FS Jrikfr
S VS AEAR R 0 BRI I DL, S 48 3 0 T & A MRRAE .
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£ 4 GAF 5 IFS HEMRZEXILL
Table 4 GAF versus IFS accuracy

CNN ViT
Htpge s GAF IFS GAF IFS
CC 0.794 0.781 0.872 0.898
DPOAG 0.794 0.806 0.77 0.771
DPOC 0.793 0.822 0.797 0.804
DPTW 0.724 0.712 0.727 0.716
MI 0.755 0.763 0.763 0.772
MPOAG 0.617 0.604 0.649 0.652
MPOC 0.860 0.859 0.866 0.843
MPTW 0.592 0.584 0.636 0.624
POC 0.839 0.848 0.828 0.838
PPTW 0.808 0.829 0.839 0.834
IPD 0.947 0.968 0.97 0.973
S KAE IR 5 6 4 7

BEAN , N H I nT LIAS Y 7E CNN 5 ViT X Ee b, VAT BERLRAS T 8 Wk e i HER R, /5 T CNN [
3R, FE W R P AR B VIT AR EL T CNN RS 5 DR 7 T 3 AR 20 T 285 4 ) 5 FHU, 1 i 8 ok
B4 RN (HSEBR 1 a2 P28 I 268 S22 B0 IR, 46 B2 42388 7 A IR X | 25 %) B A\ DR B O -, 17 Jmy 3 A 2 1
Be F AR S TE I e 4 14 AR FATBR.

3.3.2 23 ERAMA M IE

18 IFS FViT (AT 1 8 1 ks 4 A4 i x5 LA
E‘Jﬁ&ﬁ@, T‘F 11 /l\i%( E}E‘% s )I% IFS-ViT ‘—ﬁ IFS-L.CT- Table 5 Token vilidity comparison
ViT 47X L, SEBe S i tn 36 5 s, #rh Bk % BlRsEsFk IFS-ViT IFS-LCT-ViT e
PRIBERERE. A B T A5, (001 Bk 0 45 o s . o
. B J o DPOAG 0.771 0.802 0.031
AN SN AR B BERLAE O AN ERPRAE AR T T DPOC 0.804 0.809 0.005
R JEIEE T VT ROREANSIBING T BRI Pt oPTw 0716 0.727 0.011
. . st e MI 0.772 0.805 0.033
RGBT IR iR e, T 00s o
N AR BT BB AR R AT T 4 70, SEI B R I AR MPOC 0.843 0.859 0.016
SR TR R A B R R 2 BB AR L R LAl MPTW 0.624 0.630 0.006
NN N . POC 0.838 0.853 0.015
H T B TE] T R A e o o o
3.3.3  REAEARA RO IEIE IPD 0.973 0.971 -0.002
N T IR TR AR B A S e T R ) RO 2 9

F1) 43 24T 1 S HE AR AR Sl Rk PR AR IR 3 B RS AT GRU-FCN (2018) , TST(2020) . GAF-CNN (2021) |
XCM(2021) ,OSCNN(2022) MultiRocket(2022). 7E 11 NEHEE I, A 5 HAD 6 MERIMER R 03 6
Ji7R 2 h B IR AR M RE.

x6 BHEERHEITLL

Table 6 Accuracy comparison of each model

i

GRU-FCN TST GAF-CNN XCM OSCNN MultiRocket Ours
cC 0.790 0.740 0.794 0.850 0.834 0.746 0.859
DPOAG 0.782 0.778 0.794 0.778 0.786 0.774 0.802
DPOC 0.790 0.787 0.793 0.795 0.812 0.811 0.809
DPTW 0.747 0.718 0.724 0.724 0.747 0.724 0.727
MI 0.801 0.707 0.755 0.705 0.804 0.807 0.805
MPOAG 0.658 0.660 0.617 0.652 0.666 0.639 0.682
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MPTW 0.612 0.610 0.592 0.624 0.611 0.589 0.630
POC 0.824 0.827 0.839 0.831 0.848 0.852 0.853
PPTW 0.833 0.824 0.808 0.832 0.833 0.818 0.840
IPD 0.956 0.973 0.947 0.967 0.955 0.967 0.971
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Fig. 6 Average ranking scores for each model

ME R4S IFS-LCT-ViT 13434 5.318, i T HAWBAY ) 2.545 1.773 ,2.045.,2.545 4.0 F1 2.773 , % W
BAY ) - PR RS 55

FEBVGARAA T, 128 I 4% i s b B B3 5 25 TR AE MR BAS0R | 2589 T — 4R AR Y. (HoR T 4028
PERBIIEET , — 5 IRICR I I T AR SZ 1, A5 A5 R A AN b BT s i 4 A ] G [ 7 s

RS DAE 7R A TR AR A HERE | IFS-LCT-ViT 58 B RCR AL T 490 /1 F 19 GAF-CNN
BTN —4ERL /R B GRU-FCN #ERL | 55 F HoAth JLA>— 400 MR A, (Nt a] | 9228576 1 s AN, 76 SEPrifi
e AT YRR IR T, LA 22 IR AL T2 I I 2 .

141
\ —— GRU-FCN
1.2 *\\ — — TST
\ ---- GAF-CNN
LORA\Y XCM
£ \ ‘\\ —-— OSCNN
Z% 038 \‘\\ ‘\‘ ————— MultiRocket
T 5
aﬂ \ \ ‘\ ——— Ours
& 0.6 %\
0.4
02"

CC DPOAG DPOC DPTW MI  MPOAG MPOC MPTW POC  PPTW IPD
B7 HEEIHEIBRE

Fig.7 Inference time for each model



PSR 4R (AR R

5 48 B 2 Wi (2025 4F)

3.4 SEXW
AT K RN Ak 25 TP ) 2 20 R LA BN - 1

®7T FIEML

Table 7 Token comparison

PRl A i A B RS AN TR - A 7 S G Hla s 45 le—4 le=5 le-6
bS] % g cC 0.849 0.859 0.817
3'4'1“ 5 R i'h N . DPOAG 0.799 0.802 0.784
2 ) IR Zr— A B S, B 2 & DPOC 0.808 0.809 0.804
N le=4,1e=5 Ml le—6 XHLRIFEFTILL , 5256 Kb 40 bPTW 0.727 0.727 0.698
_ MI 0.775 0.805 0.795
R TPUR. MPOAG 0.662 0.682 0.662
M T B AETT L, 222 2] R le—4,1e—5 Fll le- MPOC 0.839 0.859 0.849
I, ok . o L2 MPTW 0.623 0.630 0.636
6 1N, Ji il T LAAE 11 ﬁ‘ﬁ%tgﬂ? 2,8,2 KA POC 0.851 0.853 0.851
TR, LT AR X TR le—5 2 50 HAiE PPTW 0.834 0.840 0.849
BOTERA . L M R 5 0 461, X I 250 R ik 45 ml R F'j;;ﬂ—]);bﬁ 0‘272 0‘271 0‘268
. HY (X
1k, B A SN 8 s, -
0.85
0.80
0.75
M 0.70
=
& 0.65
0.60
0.55
050, 100 200 300 400 500 600 700 800 900

Pl RN

B8 FEFIEXW

Fig. 8 Experiments with different learning rates
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