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Time Series Pattern Discovery and Classification with Variable Scales in Time-frequency Domains
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!(School of Computer and Information Technology, Beijing Jiaotong University, Beijing 100044, China)
?(Beijing Key Laboratory of Traffic Data Analysis and Mining (Beijing Jiaotong University), Beijing 100044, China)

Abstract: For many real-world applications, capturing patterns at diverse window scales can help to discover the different periodicity of
time series. At the same time, it is helpful to gain more knowledge by analyzing time series from both time-domain and frequency-domain.
This study proposes a novel method to detect distinctive patterns at variable scales in time-domain and frequency-domain of time series,
and discuss its application on classification. This method integrates multiple scales, the symbolic approximation and symbolic Fourier
approximation techniques to explore multi-scales and multi-domain patterns efficiently in time series. Meanwhile, statistical method is
applied to select some of the most discriminative patterns for time series classification, which also can effectively reduce time complexity
of the algorithm. The experiments performed on various datasets demonstrate that the proposed method has higher accuracy and better
interpretability. In addition, it can be extended to multi-dimensional time series easily.

Key words: time series; pattern mining; time series symbolic representation; interpretability
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square between, MSB)-5 4 4 34 J7 (mean square error, MSE) I HLAE, w12 20 (1) TR,
ARG F R 1 i [N AR T
o e, TEHRMPEBIIZIRPY B, M F RV EMEE, Y FEBCORI, B SR TS B BOK,
TR 2 FATAT LA R 12 53 BE A X 2 AN TR 2R 50, BB 0 Mk S sitox 2 R A RSB AR K e, 24 F {HAR
NI, RS BRI S 22 SR AR DN, HONS 3 2R e RN, Ik, BT AR AT A0 R A R
HEIAE PR R 43 S 45 SR W R
o K, RS FRIG IR, FENGRISRBIRYEY By, H R0 A A5 R 56 0 H ) 1 B B AN ) 2R 2 T
Oy AN S M 22 e, T HEAT I ) 72 41 43 26
o BRJE, R BERIGARE S RN E A 3 A B UCRAFEHS AN BN, ASSORERAS ] SAX B AR I 1) 77
FIKHE IERSr AT B ik, HAE SFA R B E 5 B AR 4 5 1) R &AL IR A IEZS 010, 5 kiR
I, TR T e 51 A ot o B ] PR G R 0 e A AR ), BRI PR AIE T SR i) b ar
RS (REEE PN RN NS B RV S a1 o S vy
B —NH N AL C AFARBEARE, W TATE— N A, AT LA EAEN 1 F Gk, DUE
T F ) A L5 SRARZE 1 R IBE

MSB:ZL%S%fEL 2
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MSE:ALALNtE;AA— (3)

AR, & RN RS A BB, ng FORE | PR S B EOR, @ Ok R A
IRRBUA BRI, A 3@), ag &5 j RS IS T ANl el A LI UKL

X TR AR PR R, R RIR A RO LT AN F O, DI 0 HY SR 1 D %0 A8 R g A
PERE, Wl 3B B R, Bk AR B BC7, AT A Hdla R A I [ 17 870 95 6 i R 3
AR T B, i A ()2 E) IR F SR, JER IR FENEAT . IR
HEARREE R, U Y AR AR PRI, ), R B L, w=50 A LA ROR B L, 9 O “aaab” R AR S AE
Z 2 h LRI Z, Rz, (ESE 0 AN 1 b LSRR D, B T AR 2 RO, T B F R
FAXERERT, 82 BT LAHEWT: % S BT Bl Tk, REMB XY AR, thitk, (E“BrBe =, A 1429
BENT — ROV APHIPER, HR AT, Wik $ A E SR I PEBEUH T2 26 O 7 i g A i)
ASCUREIE T 3 R AL £ S

(1) [ A REAS I R [ 52 19 top-k A 53 £ g HE 0 P AR A

() Foafid: SEFAREEATN F RIS

(3) AR F e £k F M RIGHERZ F BRI KA

HARG K 258 3.1 ik 4
23 —HEREFYI 2%

E5 2.1 WIS 2.2 45, BRATTHG A AN 10 P 810 3 s A 5 411 PP 20 (9 R PE RS, AR £ it
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K A5 4 288 S 081 41 S5 L 3 o A I R s 4 ot B RS R RS B A, 20, AR 2 3 (4) TF SR oy 2 481
5 A I EE B, kTR AR R 23 287 B 4 B B 2 1 i N 3 A A v oy LA AR

NTH, BRATTEEVEN A 4 L A S

e A SR R B A R AR S T, AT DU R 2r N FILROR,
TS | /M Dy 5P A T Z IR B 25k

Dist(T,D;)=v*min{dist(W, ;,D;)} (4)
Horp, W F8 12850 T RF 540 2 JG 56 r AT 3R IR i 58 § AN S, ron] DU Dy kI v 27 53] W j 76 1]
A5 LI AL
HoF T8 3 (4) R S R B diist, AR S A A0 R s
dist(W, ;,D;) =ZL:1|Wr,j(q) -Di(a)| 5)
o, W j(a) Rt Di(q) 23 3 27 B il W A Dy 8 q AN 70, | 38R B3 K

T BRSBTS R 7 R A B 2 2 A 2 R R, Bl 45 #iA) B=abca
F1 C=cbaa, W dist(B,C)=|1-3[+|2—2|+|3-1|+|1-1|=4. X FE, FATHT LK i o) 5> 41 4 4k S 2080 0 B 3 ) &
(Dist(T,Dy),Dist(T,Dy),...,Dist(T,Dy)), e, k KRB L (a8 3 From). 7EFE B A X B2l Bl gk — M
R, HF W5 T bR %

Y = f{a0 +Zk:ai *Dist(I',Di)} (6)
i=1
Hor, oo Fllog RANEBMERE, o W LAR B Dy £5 53 FER B b i) T 2R 1 k R B AN G £ 2R i ek 4,
WA R@) R
1
f(x)= e )

FE A RAT S5 o, T 148 sigmoid s ORI 51 T8 T 15 RS % . 5 M% KT 0.5, WS 741 T
BT IESEH]. A2 HFATEF, BATRA X 2 s 42 A a2 e kst w o) T 42K,

L 1 Ry T AR SCHR R S 5 YRR 22 A RO I I s8R sk S e A X 288 AV 1) £ AR
(dictionary-based multi-scale and multi-domain pattern mining, DM?PM), Horbv: 5 2 473 3 A~ [7) )X 85 R g 5h o
F; 36 34728 S ATIG G — AP AU A AT & D 4 F F SAX FI1 SFA BLii]; 5 6 17U M in] 1) F {E2 38 >4
FAE T IFRERL, FEMARIREES Dy 55 8 T4 I 4R 7 41 5 e o 17 51 B MR 2 2 I R B 25, IR AE b Ak
filt BUNGRAr AL, 5 9 AT 11 ATARAEAS ) R BEAG Rl 581 T 8 e i sl 4R 4, IR H S L 5 A ) 1
PR, A 12 475 T o BRI T AT 4 245 22545

H3% 1. DM?PM(S,T).

N KA NBZAE S fE K750 T;

f: JPA T FAR%% C

1 Vs BEWShE DES L MFERER AN oo BN ke R4S wordMethod . #7314

& D.

SIS GORIMSNO LS SIS g weN it
for L[i], 1<<i<Size(L)

2: for L[i], 1<<i<Size(L)

3: for S[j], 1<j<N

4: wordMethod[i]«-SAXandSFA(S[j1,L[i]) /7 S[j1%#4k N SFA FI SAX Hi 44

5: end for

6: D<SelectPattern(wordMethod[il,k) //#£ JLEEA LITSAE T, EH k A ia i A B s (4L A D.
7: end for

8:

9:
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10:  T«Createlnstance(T,L[i]) /FRif7 70 P90 T HeA0 D Sial S o, AT 22 S (4) TS0 .

11: end for

12: C«classifyInstance(T) /AR A Z(6) F A K (7) T T 51 T J54Rr%5 C.

13: return C.

TR PR SAZ I 1) B AR LT, THEE A e T Bl B D RN AR T A A F AR T S 2% B0 O(NNnC),
A H A R - R IR IR RV 2% B O(n), o, n /P2, C om0, habh, FEEELZ N30
WO, AT E R 2 W AR 10 4y, RIIE 35K (maxWinSize—minWinSize)/10. W) 45 3C (145 302 4
7B IR 52 2% E ) O(Nn+NnC), I H. C<<n. NF O(Nn+NnC)=O(Nn).

2.4 ZHYERIEIFHI 2

AR SO AT DL ) 22 4 I 8] P 81 43S ) 5

S — A EA NASSEEI0 H 40 2 g P 5 8aE 42 S, S A4 B2 S FE 3 0 n. 0 T iy g —
A 7|31 R N DR | B S N T = R a1 E VAT O Wl Ll o B2 A5 7 ()7 SR S W (SR 6/ S ]
VR, I 2 B AR H 9 o) 1 A e 6 B0 A R AR 2 |), T I R 00 2R A Y

Bvk 2 4T AR SO 22 YN 1) 51 43 552 7k (multivariate  dictionary-based multi-scale and multi-domain
pattern mining, MDM?PM), JLv: 55 2 4755 9 474 43 i S 42 HUAEAN 5 1 AN [] R E (10 B Sal RT3 38 ) A o
310 AT R AR 3L A0 0 17 4 B B ) B 2 0F BN 2oy A, 26 11 4728 15 AT /0 RS $RBUFH T
IR AL N IR A, R AN@)SR R T 502 BREE R, &G, 53 16 77H 3 A X (6) 2@ IR 4
FERERITI P51 T AR 2%,

3% 2. MDM?PM(S,T).

N YEREAN H KN N IR Sy FEr P40 T,

it BT AR C.

1 Wiiaih: WEEIE RS LR R/ oo BiES wordMethodH . Ji il 465 DH.

2: forl<h<H

3 for L[i], 1<<i<Size(L)

4 for S[j][h], 1<j<N

5: wordMethodH[i]«-SAXandSFA(S[jI[h],L[i]) //# S[j1[h]%: } SFA 1 SAX HiFl4E 4.

6 end for

7 DH<«SelectPattern(wordMethodH[i],k) // $24EIE 5% 1 LLIH, 26 h 48550 3 0 P .
8 end for

9: end for

10: WIEAK(E). A E) WG IR .

11: for 1 <h<tH

12 for L[i], 1<i<Size(L)

13: T«Createlnstance(T,L[i]) /¥ FF5 T #4k hy Biml e 4, At S5 802 ) fBE .
14:  end for

15: end for

16: C«—classifylnstance(T)// IRIFEAZ(6). A (7)TM)TH T 1124525 C.

17: return C.

3 L 5IEM

AR o AL AR RS R PR AT OGS0 N R HEAT A . SR v BT IR B B AR 2 KRR T UEA&UCR IR [H] )3 31
B & FE (http://www.timeseriesclassification.com). ARG B T oW B R BB SR I, ATFEE
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Wabst 5 BT A 7 T REH BSR4 AE R AR A LK 4419

BEHAMSH, BSHAARER: BRE OKEARIGTIIN 36%, FREERA/N c BER 4 F1 5 TR, &
TTAE 2 B S U FE Rl 6 2R SORE RS BE AT 3E— 25 1 43 HT.
3.1 #RMEERXA L

AR FHE U0 B A TE B A B MERC A TR R 2040 28, AERT S, AR T 3 Ak
J7ids, Ay A e AN OB OE R F O REBAR AR F ik, A T X 4, KX 3 BT ikl ar
4% DM?PMFixed, DM2PMFv 1 DM2PMCFv.

XtF DM*PMFixed BT, B 4 theh i T 7 AN SEAEAS R [ 52 BN k 4R R, R R A28 4k il
. MBI LR W o 8uR A B, BT AL %, #ln ShapeltSim 1 TwolLeadECG
SRR TR XS A b, D EEL A R AR RTE; TFE SonyAIBORS2, ItalyPowerDed Al
ProximalPhal TW %44k I, WEff 2 bt XA S0 AR i e B — @ ik 3h. 54 ke[60,70]0F, #Hdi
R LB IAFE A MUETf 2. T T A SCRCBY (W B W) B2 2 FE RS k3 N R PR30, A T AR CRAE A 2 14 [F]
B AT M B AR B W) S 2 B, FRATTHS K R 65.

DMZPMFv 5 2 3 3 i 52 1) F 20726, o F A KT F 48k B i S 4 g A5 - I i) e 9 4926, A AR S
o, AT R 11 NARFEEAS K p R F . B S RIR T 7 ANEE 10 R R B A KE T (R 2k
R ARG .

"+ NalyPowerDed | e e o [ +lalyPowerDed |

= - Sony, L. - - - - = SonyAIBORS2
e SonyAIRORS? -  TucLeadECQ
................... - Twolead ECG " + ECGFiveDuys
0.95| oorrte e o BCGRveDas il o s g e e e e - ProximalPhal TW
§ o=t T - ProximalPhal TW R *~ ShapeletSim
= pol b N . o | -+ Coffee
& g = Shapclctim £ 0ok
g » Coffec = =
= L 3
Eu.ss- o
0.85
08} - - v -~ T —
. v v
ST nﬁl}ﬂﬂﬂl00700300400500600?00800‘) 0.1
10 15 20 25 30 35 40 45 50 55 60 65 70 75 B0 55 90 95100 ARLUE TS T B T AR B A
k P
4 T ANEEEE LR kR HER R K5 7 ANEERE LR p FAERIR

M S Haf DU A8 KT i g b, B B AT RSN, HERIERASALAS K. KT # i 4k ShapeleSim
H ProximalPhal TW 1fij 5, Bl B A5 K SF IS, BATTIK 40 ZEER 5 AT — 52 18 Ak, (HAE 5% B (5 AT F,
Ko Bl L # R RE SR AR 1 oy ki . IR H, BB BASAKCT IR, F RS/, BN En, W
BRI (R N ) A AR T LA, R ATTFE DMPPMPv BB rR Kt p (Bl 5%.

i 3R 45 5 al LU H, DMPPMPv 558 78 Ok 4 5 45 L #0 S205 A T DMPPMFixed B, 3 il T
DM’PMFv A%t - DM*PMFixed £ T 8 £ AR, 26 2 JE ok 7 AN AE AN St 4 AN, e
BATFT LA i R de /N 1 B A5 7K P (p=0.1%), &A%l g BT AN b 2 i KT k=20 444~ & Hdi
He FBECI AN 4L

HIE, R 2 g Rt ], DMPPMFv B [ i i) 53 2% 1% 3206 kT DMPPMFixed RS, 7 76 (RAIE 4 26
YHE B 2% 1) (1) IR JRLTIT Rl e AR AT A 280 1 ) 42 2% ¥, DM2PMICFY B E F 48 vk 1 Bl B Vs i AN B 2 e &l 6
JEIR TAEME p IAAET, 7T BRI L R NUER AR B0, Hoh, p B 5%. M 6 iy LA
FHil 4k HUBRU/IMERF, B T ECGFiveDays $i#ls 4, B k (84K, JLAbEdis4E FIERG @ digin; JF o4
K 3K E)— 5 {H (k=T0) I, A NERAE Eukf R TRE . X 3R WA SR VT 7 12k R i A7 Rt i e A X
X oy 2 (1 L
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HARFAR 2022 45 33 A5 12

#2 AL FHBRA
4 DM?PMFv (p=0.1%) DM?PMFixed (k=20)
ItalyPowerDemand 1966 640
SonyAIBORS2 53 260 5440
TwoleadECG 17 797 3560
ECGFiveDays 33188 3440
ShapeletSim 118 214 3175
Coffee 32799 3200
ProximalPhalTW 53 249 3560
e o e e o T ——r
Perrrrrrrresreseeprrsareiioad o SonaloRs:
0.95 .‘:’::."'*.,,':t.ga.bofitO o bt -~ TwoLeadECG
0.9} = ECGFiveDays
- Proximal Phal TW
o 0.85F + ShapeletSim
F 0P| | Lo ] e etee ) * ~
i{}.ﬂ- "l"‘/,lr',"".v i v Coffiee
&
gorst”
-
0.7F
0.65
0.6
PO T 1 78 ere Dpon PP DUERL JOER IR U0, PPD% DUE D08 SO Buoy Do DO, i

0 20 40 60 80 100120 140 160 180 200 220 240 260 280 300
k
K6 ARZH k 5AF I HER %

R3RBET SAANFBIAE 7 A Fda sl b7 R KBS BOm AR =,

Horp, 3855 PARBAAN L WK 3

H A L Y DM2PMCFRyY 55 (1) HEff % 55 DM?PMFixed #H24, {H DM?PMCFv 48 20 % ik 55 2 B EL AT AH 6 A )
I ) 52 2% . X W] DM2PMCFv #5570 B 0% B8 RS M Hb b 560 81 T- 20 25050, i, A OB Sk B 4

WM F A RV s, 72 Ja sz, 4814l DM?PM £ 7r.
FR 3 3BT PR R A H

AEITE DM?PMCFv (p=5%, k=70) DM?PMFv (p=5%)

DM?PMFixed (k=65)

ItalyPowerDed
SonyAIBORS2
TwolLeadECG
ECGFiveDays
ProximalPhalTW
ShapeletSim
Coffee

0.930 (1 301)
0.950 (11 216)
1.000 (7 114)
0.995 (6 804)
0.810 (12 042)
1.000 (6 468)
0.964 (10 353)

0.941 (6 046)

0.960 (162 709)
0.999 (39 091)
0.994 (83 169)
0.829 (80 501)
0.906 (200 073)
0.964 (75 659)

0.935 (2 186)
0.950 (18 912)
1.000 (12 117)
0.993 (11 950)
0.805 (12 174)
1.000 (10 423)
0.964 (10 873)

32 S5ETHRAELLLR
AT AR SO 5 B TR T e 8 43 SRR AT B A, 9 b

Shapelet(fast shapelet, FS)I*?1, 2z

Shapelet(learning shapelet, LS)?"fll Shapelet % #i (shapelet transform, ST)1?8. ix #6429 f) 45 .45 111 Bagnall £ik

SCHR[29]Fr e fit.

RAJEIRT 3ANEIEAE 45 ML LR xS b, Horh, BRI 4 DB AR iz o A B AR B R AL

INE it

I G — AT R e %, K 3 AT LLE B, LS, FS, ST #l DM?PM iR 4 Bil4E 12 4~ 34, 19 4

120 Bl AR R IO A R 5P IER 2 7 T, DMPPM AL P B HERfy 2 86.6%, 5 ST MIALM Y, {04

LT LS Fl FS BRI 1) 2y 82.3%F!1 76.6%.

N T AR AR AE 2 A B B BOR, TR DemartUHR H 11 i S 2 5 1] i 2 AN Y
(4 AR, Horh, PR N R BRI, B 7 AT BUE i DM2PM, ST RILS W] A T-FS; ik, DM?*PM

B4 WAL+ ST Al LS.
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Hibsr 5 W52 T B RE eGSR AR R MR AL K 4421
F 4 TR EIET 45 MR B4 R
itk LS FS ST  DM’PM pIeIES LS FS ST DM’PM
ArrowHead 0.846 0594 0.737 0.823 MiddlePhalanxOC  0.780 0.729  0.794 0.811
Beef 0.867 0.567  0.900 0.767 MoteStrain 0.883 0.777 0.897 0.939
BeetleFly 0.800 0.700 0.900 0.850 OSULeaf 0.777 0.678 0.967 0.938
BirdChicken 0.800 0.750 0.800 1.000 PhalangesOC 0.765 0.744 0.763 0.796
Car 0.767 0.750 0.917 0.867 Plane 1.000 1.000 1.000 1.000
CBF 0.991 0.940 0.974 1.000 ProximalPhaOA 0.834 0.780 0.844 0.824
DiatomSizeR 0.980 0.866 0.925 0.889 ProximalPhalTW  0.776  0.702  0.805 0.810
DistalPhalanxOA  0.719 0.655 0.770 0.748 ScreenType 0.429 0.413 0.520 0.504
DistalPhalanxOC ~ 0.779  0.750 0.775 0.764 ShapeletSim 0.950 1.000 0.956 1.000
DistalPhalanxTW ~ 0.626 0.626  0.662 0.727 SmallKitchenApps  0.664 0.333  0.792 0.792
ECG5000 0.932 0.923 0.944 0.945 SonyAIBORS1 0.810 0.686 0.844 0.892
ECGFiveDays 1.000 0.998 0.984 0.995 SonyAIBORS2 0.875 0.790 0.934 0.950
FaceFour 0.966 0.909 0.852 1.000 Strawberry 0.911 0.903 0.962 0.973
Fish 0.960 0.783 0.989 0.966 SwedishLeaf 0.907 0.768 0.928 0.938
GunPoint 1.000 0.947 1.000 1.000 SyntheticControl 0.997 0910 0.983 0.977
Ham 0.667 0.648 0.686 0.781 ToeSegmentl 0.934 0.956 0.965 0.952
HandOutlines 0.481 0.811 0.932 0.927 Trace 1.000 1.000 1.000 1.000
Haptics 0.468 0.393 0.523 0.506 TwoleadECG 0.996 0.924 0.997 1.000
Herring 0.625 0.531 0.672 0.703 TwoPatterns 0.993 0.908 0.955 0.989
ItalyPowerDemand  0.960 0.917  0.948 0.930 Wiafer 0.996 0.997 1.000 0.999
LargeKitchenApp ~ 0.701 0.560 0.859 0.800 Wine 0.500 0.759 0.796 0.688
Lightning2 0.820 0.705 0.738 0.738 WormsTwoClass 0.727  0.727  0.831 0.740
Lightning7 0.795 0.644 0.726 0.726 Average 0.823 0.766  0.861 0.866
cD
—
4 3 2 1
L ! | ! | . |
pg 36856 1.8667 DM2PM
Lg 25667 1911 op
K7 TR AL

Ji5h, K T HEIME SRR AR 53X 3 MR A 2 MR B RAR, AT R T A SRR
X3 AL 45 AN EE AR LK 0y SRUER RS LE B (W 1] 8 AN1E] 9 BioR), B BEA miRon — MRS, R4
BT T BRI ER AR A SO R BLALS

a'.
» [ ]
08 e
% %o
= f’ .
h’f b
[ ]
Hor . o
]
[ ]
(1
/ . WDL
b A 31/0/14
.// L
04
04 as a6 ar os 11-] 1
DM2PM

K 8 DM?PM 5 LS FIFS 7 45 MR Ei i
BT LS AT FS 5k iy 2528 i K 8 FR T LI Y, DM?PM #5i7

LS Fil FS HLAL.
B9 T LU H:

fHJE ST BERIA 5 12 — AN 4 2548

DM?PM #5715 ST K 7328

]
s agst
,.’.
08 L ]
See %
07 /e a®
06 .
[
5 o A
04 4 .
. .
03 ?
0z ’," WID/L
el o e 4L
z/-
‘\':‘ 0z o4 06 0.8 1
DMZPM

aﬁl?‘ﬁ*ﬁ =
. SLI IR SR 2 #m

143

)\‘? DM?PM Hi 7,

"
L]
. . [}
U4
o0
'Y
-*
__\F °
Fod
]
S e
>
WL
24/0621
a6 a7 o8 [+3:]
DM?PM

Kl 9 DM?*PM 5 ST 7& 45 AN 4E LA
BIE 31 ANHT 41 B S L EAL T

. WY IAE 24 SR 21 AN Es4E BRI AR

PR, DMPPM A 57 1L A 55
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e . FH A 1.
33 5EEFFHREZEILER

AT A SR 5 T SRAT 3 T s N )RR 8 23 S s AR LA, B R R A% (BOP) L 4 5 B A AT 1)
2 AR (SAXVSM) S WEASELPY, SAX-VFSEQLM®, SAX-VSEQLI®HI mm-SEQL+LREBMEI . Hr,
mm-SEQL+LR #FLfi F 7 # B2 ik 1y 45 L, HABBEEL R Bagnall 53 SCHR[29] H A2 4L 11 45 4L

AT FRE T I 2 S R i X 7 AR 2 ANt 4 B igeavERe. A 10 P LUE H: DM2PM,
WEASEL F1 mm-SEQL+LR ZftF-HAl 4 MBI, X 3 AR KA Bk 25, HAMAH%T WEASEL 1
mm-SEQL+LR FE/ M 55, A< SCAR R AT S A (1% I 1) 52 2% B2 AN P A2 FE, I HLSE LA T g A

co
—
7 [+ 5 4 3 2 1
e 1l
N
Bop S7222 | L 24222y SEQLALR
SAN-VSEQL 5.2444 | L 2.5444 DMZPM
SAXVSM 47444 : 260889 WEASEL

46333 gAX VFSEQL
10 DM’PM 5 3EF-7 L Jy vk LA

BEAh, A 11 F AT L H: DM?PM BT 32 40 T BOP, SAXVSM, SAX-VFSEQL H1 SAX-VSEQL #i %,
SrAE 26 AL 32 AN, 29 AN 27 At BT Bk 4 AMBERL P IS UER R -, DMPPM BRI B B 4 1 iX
4 A TS T WEASEL A5l mmSEQL+LR UM 5, DM*PM 43 54 22 ANF1 24 ANKedii 4k 15 4k, 6 1
ANF 4 AR S G A .

R I e ¥

08

e ] v
e o & Al S ¥ 3°
o8 ™ 08} " r 08} "
*% < = s . *°
A, 07 2 e ,,},m- Eor /e
g 06 > f = :qs *o 5 06 L ] *
..- .. “ .,' ® » LA = ..-'/
05 s 05/ ra Ll 05| rd
I L W/DJ/L =l ./ b W/D/L ol A W/D/L
26/3/8 _,/ 32/1/4,, I /-" 22/1/14
0%; 04 05 o8 07 08 09 ﬂ'%l:_‘; 04 0s 08 07 a8 09 n'%l':l 04 05 08 ar o8 08
DMZ2PM DMZPM DM2PM
1 e 1 ..‘ 1
- 8 2
09 / 08! og og! ‘e ®
® ‘.‘ o 8 : a
o8 @ '. - o8} .‘,‘ o 081 [ .‘* .
L = e® 3 /
gu; e . .. R v e = Hoz ‘&
=43 7] F [ ] =4 s ®
~ / ® = * @ s ™ 4
4 06 L e wos ® °® ‘Eus . -
= b E p
08 P 05| 4 05 _‘
s " W/DJ/L il .'/ W/D/L = LI / W/D/L
) 29/2/6 S . 27/218 i S 24/4/9
35 62 05 a8 o7 08 08 o o us a7 T 03 %37 ad o5 o8 or o8 08
DM?PM DM2PM DM?PM

% 11 DM?*PM 53T 7 i 77 vE g
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34 SEREEMREFIE LK

AT DMZPM 28 5 I AT AT IR R B 5% S0 S0 VR RN R I e O 1) JLAN 4B 52 L e 23T pl T A e A TR,
AT FA AT T N 57 2 e P A 1 2 AN BB A 22 B A 1 K 2k e

B 12 T4 BT 45 BIF A e X 2> DM?PM 3% 5 FCN, Hive-Cote, ResNet £l Flat-Cote LA & EE
Z IR ZE S, (HICH] AR T I A S AR 22 SI B [, AHXS T #2045 F4E BB, DM2PM B AT B8 41K 1) It
TF1) 52 27 JEE R0 S0 (10 A e

MCDCNN —== FCN
TWIESN —— == Hive-Cote
Time-CNN 21444 ResNet
Encoder DM°PM

MLP 6.9222

Flat-Cote
67444 L

B 12 LR o S RIAR B STE il o 2% 5

35 ZUREFTISE

ATRAE 2 Y TR P Bdis 4 Db AT SEES, JF HoW H 5 B0 0 i 18] 7 41 JE i 57 EDINN 1 DTWINN L
B, R5JERT 3NEIRE 8 AN HEREE LR uEfR, i, F5 P RRMIEENYERE.

M 5 A LUE H, MDM?PM 24t T- DTWINN F1 EDINN. 7% Handwriting, Libras 1 JapaneseVowels
B4 b MDM?PM L 540 0 3L e 527 43 B3R F+ 11.8%, 28.3%F1 49.5%. X FHH, AT :7E 2 454
[RIFEE G R LT 1 5 8RR

K5 B ATE LR

DataSet (dim) MDM‘PM  DTWINN EDINN
Ering (4) 0.826 0.722 0.689
Handwriting (3) 0.459 0.341 0.241
Libras (2) 0.833 0.544 0.550
JapaneseVowels (12) 0.638 0.084 0.143
BasicMotions (6) 0.925 0.850 0.400
AtrialFibrillation (2) 0.267 0.067 0.267
RacketSports (6) 0.822 0.763 0.737
Epilepsy (3) 0.993 0.957 0.659

36 BIEEZEDH

A W A SRS T ) I 1) 52 % B 5 AT 1) 8 IR L 1 I () 75 3 23 R BFE EAT LA | TR B 2% S SRRl
{fF GPU IR IE 57, A SCEARBAT L. M EE 2.3 45l Ji1: 2 SOAR 20 o s o) 1 435 2429 1 1 () &2 2% BE 4 O(NIn),
N PIRAESEHIAN L, n ol 7 51K J3E . DMPPM B A FH (1) 2 47 20 SR 1) F 407 2, BB SL e et sl i AN 5ok &, )
REAESE A I 1) 52 24 5 9 O(NInk), T LA DMPPM 1A 52X 42 48 6F 1) 42 2% FE T 4Bk O(NIK). 38 [T 1 14 B i) 52 %
FE2 O(Nd), Forr, d A RpAE4EfE.

K| 13(72) 7% T DM?PM, WEASEL, ST I COTE 7 20 /M $tdi 82 b ¥ 10 YEIIE AT IN 18] 1) L 3% (WEASEL,
ST F1 COTE ¥ Java fUi% K H T https://github.com/uea-machine-learning/tsml/, /- mm-SEQL+LR ¥4LHT 2
C++, SIHAMBIRUR—5, B AT %44 1 mm-SEQL+LR [IIZ AT I i), M & il LUE ), DM?PM ZEH] &
T 5340 3 Fhak. dhabh, BATIERE— MR KIS HE4E SwedishLeaf, 1ZEHH4E &4 500 NN ZRsLf,
114K V3% #% 50,100,150, ...,500 >S4 SR I Ziix Le A5 R 4 P 13(4) Tz, Seit & 4t i 7R DMPPM, WEASEL A
X1 ST #1 COTE ZEH] BAR— A4, A SCRAL (KIZ AT B 0] [R1 4 2> - T- WEASEL.
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K 13 43RE8 AT I

M 6 T H LG H, DM?PM, WEASEL 1 mm-SEQL+LR? [#] I 8] 5 2% i 375 (% T COTE #1 ST #i%Y. T
DM?PM, WEASEL 1 mm-SEQL+LR FEAYI 55, ‘&A1 4E 51k 5 fh ok B2 1 B 17) 52 4% 3 JLF Ak F M R K P, AL
DM?PM 470 5 2K IR R AIE o 3 58 /N T AR AR, Xt (24 DMZPM R L [y S A B 1) A0 233 ) 52 2% ARG
WEASEL HI mm-SEQL+LR #%!,

®6 WA

ik I ] 52 2%
DM?PM O(Nnk+Nd)
COTE O(N*n%)
ST O(N*n%)
WEASEL O(Nn?+Nd)

mm-SEQL+LR  O(Nn*?logn+Nd)

4 TFIRREEME

AR K ST SR T Ak, B DR 2 1 3 S A R R AR SR AR R A R Ak, BRATTE A SR
Tal T AL St ke 5 380 SR A 1, DA A % T R A M R O LA R B R s L i P [
4.1 Gun/Point#iE &

Gun/Point $#i 4 A S F AL b il RIS () 3 510 8l e )™ 2 I BN 1R 210 23 S il R e i B R 2
PIRR: Gun BRI REH T H R IAT — RANENEGRAE . BEAE H AR IFR TR E); Point KRR RETH
T BATERSAT RIS BEAE H AR TARUAHE £2). Gun/Point $odfa 2 547 50 4> Bl 4 Vil
YRAR, 1650 D SEHIE WKL, SRS SEHIK N 150.

HISE 2 5 0] i1 DMPPM B ALSE i F R i AR 2 T SR 1, FRDBROR, DX B A 2 Ay R X 43
G XTI S, AU BRI AR e, &5/ SHSEAR. R T BB1RR TN T,
DM?PM BERLIEFE [ I PERT. oy, 1 ROR B R/, wRR B, ¢ F0R 7 RER /D, min Rz BiAL
DUAE S B ) de /N R ARE, max SRz BUAE SE ] T i oK R AR (E. RIER 7 PRSI, T LUk
DMZPM I 4% (¥ A5 A St 1 S50 17 47, AT 45 B80S [7) 28 1) doe L 0 Pk X Bk, L] 14 T

# 7 GunPoint Bl £ I EB 5 HE N PE A

| W C  min__ max type F Pattern
54 5 5 6 22 SAX 574.08 abbee
Class:Gun | 19 8 4 5 65 SFA 299.52  bacdachc
54 7 5 71 91 SAX 174.72 eechbba
Class: Point 24 6 4 0 25 SFA 114.8 cbhadda
49 6 4 73 91 SAX 76.8 dcabb
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5 Gun 5 Point
L5 L5

1 1
0.5 0.5

0 0
0.5 0.5

-1 -1

0 50 100 150 0 50 100 150

14 GunPoint $¥E 42 261 (% ) Mk X I8 T L AE R 7))

14 JEZRT GunPoint ZH 8 B8 AN AS R 28 590 0 B L 3 5o 1k DXk, 1 e kL 4 358 4 B0 S AR SR 7R 4 )
S S0 P A BT S I 1T A A B, TR 2R T 47 2 i) R X 30 AT LT e 46 DX 4 DA R 6 TR X IR g 2 JT AR X
A /IS T B R A IR 4R G Bh A (quin), - &85 3R DX 1) /N 191 ) 32 B 8 A s T 2 8 1 A 425 (point).

4.2 FaceFour¥iz&

FaceFour £ 85 4 /2 M Sk 46 38 BG Pl 3R i o) e 50 30, b 4 RSk i #8 3E, RIS 4 4N26. %
Bl LG 24 AN LRz, 88 AMMIRLHI, BEASSEHIHA LS 350, K 8 FBIR T X FHURE £+ 1 4 43851,
AICE AR FER R, Hop, FF8 08 L 5R 7 MR,

3 8 FaceFour #4438 2 1 il 1 A8 =X

| W ¢ min max type F Pattern
Class: One 100 5 5 117 131 SAX 51.67 dcabe
64 6 4 16 105 SFA 5143 baaaba
64 5 4 91 153 SAX  183.6 chche
Class: Two 76 5 4 201 227 SAX 5516 bcbeb
124 8 4 21 38 SFA  51.43  aaadbcad
52 7 4 79 138 SAX 7292 cdccaba
Class: Three 124 5 5 30 121 SAX  70.77 bdbce
28 7 4 219 308 SAX @ 46.67 cccedba
16 6 4 118 271 SFA  46.67 dadbac
Class: Four 76 6 4 200 281 SAX 114.92 bcdcab
124 6 4 43 50 SFA 47.5 daaaaa

P 15 J@ 7~ T FaceFour 0858+ 4 ANARFEIZEBI P F, Horp, FARBRE T2 IRGE R ILH 4 Fp 250 18 KA TH].
W —J71fi, DM?PM L% 7E GunPoint 1 FaceFour $#E 45 F 56814 2 H §7 S L HER 2 100%.

4
2
. 2
0 0
-1 B
2
-4
0 100 200 300 400 0 100 200 300 400
4 4
2
2
0
0
2
. 2
0 100 200 300 400 0 100 200 300 400

K 15 FaceFour % i 4 241 (3 0 1 X 45 H R AR R OR)
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5 B %5

ARSCHR T — R T ] AR RORE ) IS AT SR A2 S E 2, 6 TR HE S, (8 T Ge vl 22 U7 VR R A2 4 e
PR, T X 2 f R PEBE S, TRATTRE 5L e 91 e il v 1) BIBE 2 1) PR B, O BT AR A1
] R Ry FEBER. A, AR SCRE RS AT DL i N FH 21 22 4 i 1) J2 271 2 2K i il e e A 22 AN Bl 4R L K0 B
SER AT, BT T AR SCEE AR T CAT R TR SR BAT S 10 7 SRR R R AR PR I ) SR L. AR 4K
f¥) Gun/Point $#li 4k . FaceFour $uflidl LX) S & AR AT, VLRI T A SO BAT RO rT AR REE. AR 5%
T e AT R 355 Ak B 2 AE I ) 1 ) 23 1) £ 6 2 2R s DA 25 2 I ) F 51 9 SRR DA 2 I AR I 1] 2 5104+ 5 A B

AREE.
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