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Abstract: Recent IoT-based applications generate multi-dimensional streaming time-series, and time-series
analysis has been receiving much attention. Discovering a range motif, which is a subsequence that repeti-
tively appears the most in a time-series, is one of the most important tools for analyzing time-series. This
paper addresses the problem of monitoring a range motif of a multi-dimensional streaming time-series. When-
ever a new value is observed, a new subsequence is generated. A straightforward solution for monitoring
a range motif is to scan all subsequences while computing their occuring counts measured by a similarity
function. However, this is not efficient. We therefore propose an efficient algorithm, namely MMM (Multi-
dimensional Motif Monitoring). The main ideas of MMM are to cluster subsequences and to utilize triangular
inequality. Based on them, MMM prunes unnecessary distance computation. Our experiments using four
real datasets demonstrate that MMM scales well and shows better performance than a baseline.
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Fig. 1 The proposed algorithm MMM.
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A5 ORLDF Ty —r v A\ Lol rEET 5 (4
7). 2L T, %)@rL&®77z&%z% JELTHE
Htas (5-617). OV AOFTY =7y A s K LT,
Wﬁ-ﬂ#%;mmﬂm CILFEE4TS . ST, s, & sp
Ik LTS 2 KT & — ISR T B 1y, B LD
BT 2RO & 5 KL% —HEMIIRTES 5 prd, , &)
W32 (847). o) & o) ORMED FRE disty, % R
2EMCCEHET 2 (947). disty, < \/21(1—0) TH DY
&, sk 58 oD FRE disty, %528 2 % A WCa
BL, 351 disty < WT&)% G, rdnp 120
ZBML, €9 TRVWEE, prd,, [Zi ZBINT % (10-15
A1) disty, > \/20(1—0) TH B4, wH3 LY, Th
UBOREZT WA (16-1747). ¢ imEhs ¢
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Algorithm 1: MMM
Input: s;: the new subsequence
Output: s*: the motif

1 for i =1 to ddo

2 cluster_id < —1, cluster_dist <— oo
3 for VC“ c ¢ do
4 dist < d(sn ,sm)
5 if dist < cluster_dist then
6 t cluster_id < j, cluster_dist <— dist
7 for Vsp> € C(z)\S such that |dist —
d(s$?, gl))| is acsending order do
8 rdn,p — D, prdpp — D
9 distyp < |dist — d(sg), S;i))|
10 if dist, < \/2l(177 then
11 distyy  dist + d(s5) (l))
12 if disty, < \/m then
13 ‘ rdn,p < rdnp U {i}
14 else
15 L prdn,p < prdn,p U {i}
16 else
17 L break
18 if cluster_dist < dﬁf;?g m then
0 || Ot e aa U 1)
20 else
21 L O (93, ¢ — e u ey

22 SCOT€tmp(Sn) 0, PLy + &

23 for Vs, € S do

24 if |rdyp| + |prdn,p| > k then

25 if |rdy p| > k then

26 scoreimp(Sn) < scoreimp(sn) + 1,

Scoreimp(Sp) < scorepmp(sp) + 1

27 else

28 L PL, + PL,U{p}, PL, + PL,U{n}
29 if scoreimp(sp) + |PLp| > score(s*) then
30 L s* <Motif-Update(sp, s*)

31 if scoreimp(sn) + |PLyn| > score(s*) then
32 L s* +Motif-Update(s,,, s*)

33 S« SU{sn}

X3 7LTYRXL
Fig. 3 Algorithm.

HA24T9 . cluster_dist < d%g V201 —0) Thoba,
cﬁﬁmwzd s BT A (18-1947). %o’(&vdﬁm

)%¢Da¢577z&cméwmb COIZBINT
(20-2117).

RIZ, 8p DEEDAIT scorepmp(sn), BLUL s, D
PL PL, 2 ¥){b3 % (2247). TNETITERINL
FTRCOBT =7 Y A sp ITHLT, s, EHUT 20
E)DEERT B, |rdyp| + |prda,| >k #iizL, &5
Slrdpyl > k ZWIZTHE, sp & sp (ZHBT L 720
SCOTC1mp(Sn) B LV scorepmy(sp) & 1HMS 5 (24-26

1572



ESRMITF L/ Vol.61 No.9 1567—1576 (Sep. 2020)
baseline MMM baseline MMM
10000 10000
T 8000 T 8000
I I
£ £
= 6000 |- = 6000 |-
g2 g2
H# H#
;‘-% 4000 :% 4000
i Bl
2000 W W}M W 2000 Nm
0 Mmmmh‘awmrm’f*w ‘ o Lot M. ‘
0 25000 50000 75000 100000 0 25000 50000 75000 100000

t|

(a) Cricket

]

(b) EigenWorms

X 4

5 [msec]

#

B

baseline MMM baseline MMM
10000 10000
8000 |- o' 8000
@
a
6000 £ 6000
@
#
4000 [ I 4000 [ ‘M
Bl
2000 2000 -
M"’* WW\W
0 . ol T
0 25000 50000 75000 100000 0 25000 50000 75000 100000

t]
(d) HousePowerConsumption

t|

(c) SelfRegulationSCP1

[t] D

Fig. 4 TImpact of |t|.

1) |rdn,| > k 272 S 2\ WIGE, s, & sp (FFBT 2T
REED D B 720, PL, BLUPL, I2ZNZhpBLUn
2B 5 (27-281T). scorepmp(sp) F 7213 |PL,| 3N
L, A3 7O EFUED score(s*) iz % & &, Motif-Update
#FEITTH (29-3047). Motif-Update DFEMMIZ LS 5.
CNETIERENLTRTOF T Y= ¥ X sy 120
LCOMEEZ, scorepmp(sn) + |PLy| > score(s*) T
» B4, Motif-Update # FA79 5 (31-3247). W&l
S sy ZIBINT S (3317).
Motif-Update. Motif-Update(sp, s*) (EF— 7 ZHH T
BTIVTYALTHD. scorepmy(sp)+|PLy| > score(s*)
W72THe, sp \TEF =700 ) 2720, s, DIEMER
AATEFETLLENH L. €D/, PL, \IHTN
BERTY 7Y =7 v ALD kRTTICBT AR5
HILET, s, DIEMELRAITRFHET D, s, DRAITH
score(s*) L W RKREVEE, s, DWEF—7 L L TGRHIS I,
ZNLH OB, s* ANEHIS NS,
BREETEE. 7V TY XA 1128175 2147H F COMHE
\20&, P T A% o, BHEEHHZFT U5 £ TOVY
MR LI E ¢ & Lz &, O(de(l+ ) B »05. =
2T, sp DAAT ZIEMEIZEIE S 258, |PL,| DI
HOWE L 2 5720 O(|PLy|dl) Bl 255, XoT, ¥z
BAEE RS L7208, IERER A I TEMESLELRY 7Y — 7
VADESE S LI E, TVIT) AL LIIBITS 22
TTHRREOREZIZ, O 4 |PLyldl) R 2 5. Lo
T, MMM ORRIEHE &I O(de(l+ )+ Y. g | PLp|dl) &
5.
TRFEE. LRV TV T Y RARRLED S T A
O, Aa7, BIXUOPLA#RFT L7720, ZOZ2ERH
FIEEIZ O(PL|) TH D, T/, BEID AR TV —
FUALDOEMEEEIL OW) THEH. ZD0, K
[t| 2B %, MMM OZEMEHEEIL O(|t|dI|PL|) TH 5.

GiEL

AKETIE, MMM BXUOR—=ZA5 A 7 )LT) X LD
REREM D 72D 12T » 7 EEBRORE R 2N 5.

5.
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K2 NTA—FHE

Table 2 Configuration of parameters.

INFGA—% | il

[t 1,000~100,000

l 50, 100, 150, 200

0 0.75, 0.8, 0.85, 0.9, 0.95
k 2, 3, 4

5.1 EERIRIE

FTNTOEERIE, Windows 10 Pro, 3.00 GHz Intel Xeon

Gold, B XU 512GB RAM ##Ei L 7-5HE TV, 5

RTCOTNIT) AL % CH+THEEL.

F—a2ty h UTO420FEF—5 Z2H\7-.

o Cricket [7] I NI £ ¥ H D ZRCHERG T — 5 (6
RIC)

e EigenWorms [7] ;| #HOE) & DL RKITHRFNT— 5 (6
RIC)

o SelfRegulationSCP1 [7] & Bk D% RICKERH| T — ¥
(6 X7T)

e HousePowerConsumption™ | 77 ¥ A D &H % Kz |2
B A HEEOLRICHE RGN T — 4 (7 RT)

INT A =R, KEBTHWRT XA—¥% %% 2 IIRT. K

FTEENTVLHERET 74V EDETHY, HDH/ST

A= DOPBERTNDL L E, MO8 2 —FIFEET L.

FHEFEIR. £ — 7 OTWEHER, B X OWEL) 100,000 £ T

DD o 72T — 7 OFHIFH O GE 25l 5.

MERAREE. || = 1,000 (|t| = 1,000 (ZFHATFEERIZ LY P

L72) CTEBRZHIBT .

5.2 FH\iER

[t| DRZE. X 4 12|t #ZfbS oL ZOMREERT.
MMM DOHEFEER L, X—=ZAFA4 TV T)ALENBE
HWCTHDH, TN, R=AF A 7NV T) AL 7214k
WENTERIC T —r v AL INFTITERINT
RTDERTLH 7Ty —4 v AL OIFFMELEHEE 247> T
WAHS, MMM IZEF— 70BN AMHEMNH 5 & &

*I http://archive.ics.uci.edu/ml/datasets.php
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UL, 0O E b 5T, HEEOBMEIVNS Y,
BWERCEM 3 12X 2 MR OT B0 b b 2
L5THA., 72, 0 OWEINCE D> T, HLT 50 RN
DHDHGERICY T2 =7 v ADEIWA L, Motif-Update

SFEATIE O IR 2 BEEERT 5 O BN A %

kDFZE&, B 712k 22 b3 72 EDfREZRT. M6
ERMDAERDPBONT WS Z WG h b, X—AT L ¥
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