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Abstract: Many applications generate time-series, and time-series analysis has been receiving many atten-
tions. One of the most important time-series analysis tools is anomaly detection, and discord discovery aims at
finding an anomaly subsequence in a time-series. Given a time-series, the discord of the time-series is the sub-
sequence with the largest distance to its nearest neighbor among all subsequences. Time-series is essentially
dynamic, so monitoring the discord of a streaming time-series is an important problem. This paper addresses
this problem and proposes SDM (Streaming Discord Monitoring), an algorithm that efficiently updates the
discord of a streaming time-series over a sliding window. We show that SDM is approximation-friendly, i.e.,
the computational efficiency is accelerated by monitoring an approximate discord with theoretical bound.
Our experiments on real datasets demonstrate the efficiency of SDM and its approximate version.
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Fig. 1 ECG time-series and its discord (the blue subsequence).
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Fig. 2 Discord update due to window sliding.
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Fig. 3 Data structure of each subsequence in Fig. 2.
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Discord-Update ##& 145 (1147). %9 TZ&WI4, Older-
Nearest-Neighbor-Search(s,) % #1179 % (1317). H B &
" NNgger-%7 7V 2 HWAB Z 12 E D, AE % Older-
Nearest-Neighbor-Search(-) DFEAT X #ET 5 Z LT E 5.

LT T, SDM OZERaI &S L U HEHE&EIZOW T
T 5.

T 1 (THEEEE). SDM OZEMEHHERIZ O(w) TH 5.
FEBA. SDM Ti&, NNgger-¥ 7V, NNyounger-? 7V, B
LO'NN-# 7V ERFEL, £/, ZN61E001) DAEY
TRANAEREELT D, T4 Y FIHNOST V=7 v A0
X O(w) TH 570, SDM OZEHEGFIHHEIL O(w) ThH 5.
([
I 2 (BFEETEE). SDM ORHEIH =12 O((1 +
cwl+cd (w+hlogh)) TdhH%. 72721, cld Older-Nearest-
Neighbor-Search(-) @ 94714, ¢ I Discord-Update D5
7%, B LRI Algorithm 3 D 8fTHD & — 7D A
XTH5b.
ELRA. SDM @ F 7515 2 A b3 Nearest-Neighbor-Search
DIAAXKNTHA. Nearest-Neighbor-Search 1L S & A F v ~
Lsp & s, BMDMREZEIE S 2720, 2% L O(wl) K
oA, F72, AF v i, fAIEE ) Older-Nearest-Neighbor-
Search(:) = EATT 2 W RN H D, €112 Owl)
i A2 5. & 512, Discord-Update (2 O(w + hlogh)
R 227205 . L 72%%5 T, Nearest-Neighbor-Search 1 (&
O((1+ c)wl + ' (w + hlogh)) Kl 227 % 72, SDM DI
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FEHR R O((1 + c)wl + ¢ (w + hlogh)) TH 5. O

4.4 A-SDM

EH 2 XD, SDM o W [# & 5 = 1L Older-Nearest-
Neighbor-Search(-) D %4701 %135 X UF Discord-Update M5
TRIECARTFEST 5 2 e h b (FEERTIE, 1RIOAT A F
WKBWTHlH c=d =0 THAIENGNo72). LD
BT = ADREEDSFERICHIRE I NS E c BLU
WRELRY, T4 23— FOTEFITKE RIEF D00 5.
TF)r =2 a UIEMER T4 A3 — FEER L2 WA,
cBIVC EFNELTHIETHIBRMZHIRTE 5.

T, T4 Aa— FOMEZIRIES 5 SDM O 7
VT 1) XL A-SDM (Approximate SDM) % 2% T 5.
A-SDM 1, SDM # O DIIFR L 72TV T ) XL TH 5.
TN =y a ko TIRESNLEMR e (> 1) »5
Z bz &, Algorithm 2 @ 1547 H 3B X U Algorithm 3
D 104TH %

Sp.distyn >€- sf{emp.distNN

Jounger
28 &z, Algorithm 3 @ 6 TH %

sp.distnn <e€- S;mp.distNN

younger

WEEHZ A, 0L E, LTFTOEMRIRY LD,
FIE 3 FBERI). ASDMASE=¥ Y 7 LTWAEH 7
V=T VARE sou & LT2EE, UTORERDH Y Lo

S*.diStNN
_ 6
: (6)

fERA. F 97, Discord-Update, 2% 1) Algorithm 3 1Zxf L
TAER(6) DD LD EZIRT . spdiStNN,upger <
distny TH B4, sp 13 HIZHAS LW,
8p-distNN < Sp-diSENN, punger < € Stomp-dISENN Thhb7:
B, s, B s* Tho THAENX (6) 1T Lo, [FERIZ, 10
THIZBWTHHEY D,

KIZ, Algorithm 2 D I5ATHIZWEHT 5. 2ok &,
s* X s, 72U 570, TH DL sfy, = s¥ THIY,
A-SDM 3 EfER T4 Aa—F&2 €= ) v 7 LTw
720, REX(6) YLD —F, s, = sF D
8p-QiSENN gunger < € Stemp-distny TH DYE, A-SDM
W Stemp = Sout ZE=5 1 27 LTWA. UL, Discord-
Update D56 & AIFRICAER (6) 25D >, LLEICX
0, 32 TD. O

5. &HfEER

TRTOEEIE, Windows 10 Pro for Workstations,
3.00 GHz Intel Xeon Gold, $ & UF512GB RAM Z#5# L
CRHERRTIT o 72

Sout-distNN >

%
€ Stemp

51 tyrq>7
F—2ty b UTD3O0FETFT—F ZH\ .
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Fig. 4 Impact of | (subsequence size).

e Bitcoin*' i ¥y raAf DI T I a DA

)= 3V JRSRYIT— % (& 100,000)
e ECG[4]: LEMDA M) =3IV FHRIIT—% (E
% 100,000)

e Google-cpu [18] : Google D7 —% > ¥ ® CPU ffi i
HOAN) =3I Y 7THERIT— 4 (K& 133,902)
FILTYZXL, UFTOTILVITY) AL% C++TEREL, F

MisEER % 47 - 72.
o HOT SAX[11] : #2225 7 — & 1239 % 7 1 A

I— FEROTVIT) ZLTHY, W4V FIDAT
ARICEETA A= FOFEFHIKILTE 2 L9 1235
EL7.

e N-SDM:NN-¥ 7L DA %R $T 5 SDM TH V),
NNolder-2 7V 35 & U NNy gunger-7 7 WVASEREEL 22\
(N-SDM &, NNyjger-% 7V B & U0 NNyounger-7 7V
OMREX TN 5 720ICHWS).

o SDM . KX D|ET NI AL THA.

e A-SDM : SDM DM TNV TY AL TH 5.

MWOBFDT 4+ A2 — FRER/E=5 ) Y 7OT VT

ALk, 72— v AOHIRR T 14 AT — FOBIKRIZR

JBTERWVZDIE L v (HOT SAX 22w TlE, 71

23— FHIBEHZT 4 A2 — FOMHEEL(T).

SHMEIEIE. 1 AT A FH 720 O TG, HETE R

H, BILOEBE (= s*.distyn/sout-distyn) ZaEMiT 5.

5.2 FHMiER
AREETIE, FHlFEBROMELRT. [, w, BEXPeDT
7 4V b OfEIX 100, 10,000, BL 12 THAL. T2, &

*1 http://api.bitcoincharts.com/v1/csv/
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BINT A= DEERZFRDL EE, 085 A — 5 ITEHE
5.

IDFE. M40 28bsEE0METRT.
9, M4 (a)(c) IR TFHHEFHEEMICOWTHEMT 5.
SDM ORI, [ oIz & D vy, i
T4, I, g2 LVHL2LTHAS. KRIZ, SDM B &
A-SDM ZBO TV TY XL LY @m#ThH L, 74 v F
T AT A N4 BEED Older-Nearest-Neighbor-Search(+) 3
& U Discord-Update O EAT A/ NS 728, SDM
BLOA-SDM ZRAEOHRE R >TWE, T2, 41~
Ty 7 AN—=ZADT VT X2 HOT SAX X ) B#ETH
bz, V=X NVAF Y YPERTH L LG n
4. &502, SDM (& N-SDM & ) KliglcE®ETH L. 2

&Y, 428 THM LX) 12, NNojger-7 7B L
NNyounger-7 7 IWVISERIRITH 5 Z L3505,

KIZ, B 4(d)—(f) IR TREEHFRERM IOV TR T
%. SDM i, N-SDM & % F 7213 2l oM R
T INUE, BT YT AP IEM LRI E R S
HHTHY, HOT SAX LW b m#ETH L. ORI
BRI R T =2 2T AT N T XLHPA M) —3
CUBRI T = IZRBE LTV AENnI EERLTWAS. F
72, A-SDM & SDM X 0 & s SRl o 40 L T\ 5
(ECG T® A-SDM D#EF it SDM & RIEEDFERTH - 72

DAMELTWA5E),
wDFE, B 51w kB3 ZORERT. £
3, K5 (a)—(c) (RSP EFIEMIZOWTHER T 5.
SDM BL O A-SDM (FMMO 7NV TY AL LD EHTH D

w OHINZ & b v, SRICHINT 5. S, 82 X
DS TH 5.
KIZ, B 5 (d) () IR T REEHERC OV CiltfR T 5.
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