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AHOMarnbHast NnoanocneaoBaTeNlbHOCTb: hopmanuaauus

TepMWH, NICTOYHUK

Outliers are the data points for which there are fewer than p other data points within distance d.
Knorr E., Ng N. Finding intensional knowledge of distance-based outliers. VLDB 1999. pp. 211-222.

Outliers are the top n data points whose distance to their k-th nearest neighbor is greatest.
Ramaswamy S. et al. Efficient algorithms for mining outliers from large dataset. SIGMOD 2000. pp. 427-438.

Outliers are the top n data points whose average distance to their k nearest neighbors is greatest.
Angiulli F., Pizzuti C. Fast outlier detection in high dimensional spaces. PKDD 2002. pp. 15-26.

Discord in a time series is a subsequence of length n whose distance to its nearest non-self match

neighbor is greatest.
Keogh E. et al. HOT SAX: Efficiently finding the most unusual time series subsequence. ICDM 2005. pp. 226-233.

Range discord in a time series is a subsequence of length n whose distance to its nearest non-self

match neighbor is at least r.

Yankov D. et al. Disk aware discord discovery: finding unusual time series in terabyte sized datasets. KAIS 2008. vol. 17, no. 2.
pp. 241-262.

JANCCOHaAHCbI — y4LlIUM noaxoa ANA NOUCKAa aHOMANIMN BPEMEHHbIX pAa0B

Yeh C.-C.M. et al. Time series joins, motifs, discords and shapelets: a unifying view that exploits
the matrix profile. Data Min. Knowl. Discov. (Scopus TOP-1) 2018. vol. 32, no. 1. pp. 83-123.
Chandola V. et al. Anomaly detection: A survey. ACM Comput. Surv. 2009. 41(3), 15:1-15:58.
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[locTaHOBKa 3ada4u
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1) Yankov D., Keogh E.J., Rebbapragada U. Disk aware discord discovery: finding unusual time series in terabyte sized datasets. Knowl. Inf. Syst.
17(2): 241-262. 2008.
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[ocnenoBaTenbHbii anroput DRAGY
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1) Yankov D., Keogh E.J., Rebbapragada U. Disk aware discord discovery: finding unusual time series in terabyte sized datasets. Knowl. Inf.
Syst.17(2): 241-262. 2008.
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OT160p KaHaMOaToB
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OT160p KaHaMOaToB
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C={wy}
TeKyllaa noanoc/aen0B8aTeNIbHOCTb S
Kangunat := TRUE

anaBscexc; ECusNc; =0
ecam dist(s,c;) < r 10

dist(z,w ) > r

dist(z,y) =>r
C = C\ ¢; ; Kaugupnar = FALSE
ecan Kanauagat = TRUET0C :=C U s

w,vy, 2z}
.
™
-
« /\ a0
» * - :
g "II . L nd = ” s il q." =
a .
..-‘ -“ L "' .. L ... "* L] » i
iy . n & -w ™ ] T ¥ L ]
L ™ ‘ ‘_" L ] n ‘. | - .
T !. : w "" ‘l- .‘* "“ w s
L ] * -
" S LT Lo T A " - a
Ean [ | a
v w i .

[TapannenbHbIA anropuTm Noucka aHomanui BPEMEHHOro psda ans rpadmyeckoro npoweccopa



O4yuncTka KaHOMaaToB

D=C D = {w,,2}
Noka He KoHeu, paga T:
TeKywaA noanocneaoBaTes/ibHOCTb S - ~
npnascexd; EDunsnd;, =0 c1_1.st(v, w)>r
dist(v,y) = r

ecnn dist(s,d;) < rT10 4
D =D\ d; dist(v,z) <r
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OuuncTka KaHaOMaOaToB
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[Tpobnemsbl anroputma DRAG

1. PyyHOM nopbop ANMHLI ANCCOHAHCA M
— He Bcerpa 3apaHee U3BecTHa AJIMHa aHOMaNUN
2. He pa6oraet agna agnanasoHa ANMH ANCCOHAHCA

— 3anycKk DRAG ana scex BO3SMOXKHbIX AJINH BbIYNCANTENBHO
HeoCyLWeCcTBUM

3. PyuyHoM nopgbop noporar

— Cnvwkom 60nblON NOPOr — HET ANCCOHAHCOB,
CIMLLKOM MAIEHbKUIN NOPOT — MHOIO JIOXKHOMO/IOKUTEbHbIX
aHOMaNnu

4. Heobxoaumo pacnapannenmsaHue

— CnokHocTb B xyawem cayyae 0 (n?)
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NocneposatenbHbi anroputm MERLINY

Algorithm MERLIN (IN 7T, minL, maxL, topK; ouT D)

1
2
3
4
-5
6
7
8
9

10:

D+ @ r <+ 2vminL; nnDistin +— —0o0
. while nnDist,,;,;, < 0 and | D, | < topK do
Dpinr, < DRAG(T, minL,r); D < DU Dyinr: nnDiStyinr < min  d.nnDist

dEDminL

r<05-r

-:T.’or 1 —minl +1 to minL + 4 do

nnDist; + —oo
while nnDist; < 0 and |D;| < topK do
r < 0.99 - nnDist;_4
D; < DRAG(T,i,r); D < DU D;; nnDist; < min d.nnDist

deD;
r<+—0.99.r

11

12:
13:

14:
15:

16:

17

- for 1 < minL + 5 to max L do

jt < Mean({nnDist;.}1_>_|); 0 <+ Std({nnDist};>_,); r + p— 20

D; + DRAG(T,i,7); D < DU D;; nnDist; < éngl d.nnDist
el/;
while nnDist; < 0 and |D;| < topK do

D; < DRAG(T,i,7); D < DU D;; nnDist; < éll%l d.nnDist
el);
r4—r—ao
: return D

War 1. lNounck anccoHaHcos
MWUHUMANbHON ANNHbI MInL

r = 2VminlL

War 2. lNonck anccoHaHcos
cneayrowmnx YyeTblipex ANUH

r = 0.99 - nndist,,,_

LWar 3. lNonck aAnccoHaHCoB BCex
OCTaBWMUXCA ANNH

r=u-—20

1) Nakamura T., et al. MERLIN: parameter-free discovery of arbitrary length anomalies in massive time series archives. ICDM 2020. pp. 1190-1195.
https://doi.org/10.1109/ICDM50108.2020.00147.
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PALMAD?!2: Parallel Arbitrary Length MERLIN-based Anomaly Discovery

e [lpumeHeHuUe ED,Z,(,,.m B KayectBe GYHKUUMN PACCTOAHUA

<Tim, Tj,m>_m.uilij) 3)
maoio;

- EDnorm(Ti,m' T]m) = \/2m(1 -

— Jlerko pacnapannennBaeTtcsi, OTCYTCTBME KBaAPATHOroO KOPHA yCKopsieT
BblYMNC/IEHUA

e CoKpalieHue nsbbiTouHbix sbiuncneHmn 8 MERLIN

—  Bbluncnenue u(Tj ) v o(T; 1) BKAtOUAET B ceba BbruncneHme (T ,—1) v
0(T; m—1), Ha 3TOM MOKHO CIKOHOMUTb

e PacnapannenumsaHue DRAG

— OtpenbHoe pacnapannennBaHue ¢a3 otbopa U OUYUCTKM

1) Zymbler M.L., Kraeva Ya.A. High-performance Time Series Anomaly Discovery on Graphics Processor (rotosutca K ny6amkauum).

2) Kpaesa f.A., LUpim6nep M.J1. CBuaeTenbCcTBO O pernctpaumm nporpammel and 3BM «PALMAD: aeTeKTop aHOManuit pasanyHomn AJAnHbI BO BPpEMEHHOM
pAage Ha rpadpuyeckom npoueccope» No 2022667716 ot 23.09.2022.

3) Mueen A. et al. Fast approximate correlation for massive time-series data. SIGMOD 2010. pp. 171-182. ACM (2010).
https://doi.org/10.1145/1807167.1807188
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PALMAD: Parallel Arbitrary Length MERLIN-based Anomaly Discovery

Algorithm PALMAD (IN T, minL, maxL, topK; ouT D)

—
=]

T = T = =

17:
18:

19:
20:

D+ @:r + 2vminL; nnDist i1, ¢+ —00
{fi, 7} + CALCMEANSTD(T, minL)
while nnDist,inr, < 0 and |Dyinr| < topK do

DminL —

PD3(T, fi,&,minL,r%);|D < DU D,inr; nnDistyinr, < min  d.nnDist

r405-r
for i <~ minlL + 1 to minL + 4 do
nnDist; < —oo
{fi,6} «+ UPDATEMEANSTD(T, [, 5,1)
while nnDist; < 0 and |D;| < topK do

r < 0.99 - nnDist;_

D; +|PD3(T.fi,5.i,7?):| D + DU D;; nnDist; < min d.nnDist

dEsznL

r <—0.99 - r
for i <~ minL + 5 to mazL do
p < Mean({nnDist};_>_,); o < Std({nnDisty};_>_,); 7+ p— 20
{fi,&} < UPDATEMEANSTD(T, [i, 7, 1)

Dg‘<—

PDB(T? I‘_’L?&? ?:? ?‘?2);

deD;

D <+ DU D;; nnDist; < 511%1 d.nnDist
el/;

while nnDist; < 0 and |D;| < topK do

D;

| PD3(T, f1,7,i,r*);| D + DU D;; nnDist; < min d.nnDist

r<—nr—ao

return D

deD;
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N3ObITOYHbIX
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— pacnapannenuMBaHue
DRAG (PD3, Parallel
DRAG-based Discord
Discovery)
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[1TpenobpaboTka: BblMUCHEHNE U N T

<Ti,, Ti,>—mu;u;
blocklen + m — 1 ) EDrzlorm(Ti,m; Tj,m) — Zm(l _ Lme fm Hiltj

)

___________________________ mO'iO'j

| |
| |
| l T
| I &, A
I P g { | )
s \ / \ |

N=n—minL+1
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[TpenobpaboTtka: 0OHOBNEHUE U U O

Nemma. Myctb aaH paa T, |T| = n v nognocnenosatenbHoCT T .y N T 141

1
Torpa HTymir = i

(mnuTi,m + ti+m ) ’

2 _ . m 2 1 2
aTi,m+1 — m+ 1 aTi,m + m+1 ('uTi,m o ti"'m) .

blocklen

m
o
block, block. n
) )| ) )| ) ) ) ) )]
U1 = mi— 1 (mur,., + tivm) U%i,mﬂ = mTill— 1 (U%i,m + —] (#Ti,m - ti+m)2)
c L L L) bl
= o

N=n—minL+1
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PD3: cermeHTUpOBaHNe psaa
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PD3: Otbop kaHAnaaToB, brioyHoe pacnapannenMBaHme
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PD3: OT00p KaHaMAaToB, pacnapannenmMBaHne No HATAM
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PD3: OTbop kKaHAnaaToB, pacnapannenmMBaHie no HATAM

~ R

<Tim Tjm>-—mup;
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PD3: OT00p KaHaMAaToB, BblMUCIEHWE NEPBOroO CTONOLA

<Tim T jm=>-—muiu,

di,j = ED%orm(Ti,m» T]m) =2m(1 -

maioj
block;
0] ® ® ®
Tl TZ e Tse gN—1 TsegN
Chunkij) >
Chunkgj) N>
=
o
)
Chunkl) v\ rns
6))
ChunksegN I
se:c;N

m
QTcol®(tid) = Z 77 (k) - Chunk) (kﬂ
k=1
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PD3: OTb0p kaHANaaTOB, BbIYMUCIIEHNE NEPBON CTPOKM

<Tim T jm=>-—muiu,

di,j = ED%orm(Ti,m» T]m) =2m(1 -

maioj

block;
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PD3: OTb0p KaHANaaToOB, BbIYMUCIIEHNE BTOPOU CTPOKY

C hunkij )

C hunkgj )

C hunkg)g N—1

C hunk(j )

segN

_ _ block;
Tl(l) Tz(l)

S
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E

)

E

segN

di,j = ED%orm(Ti,m: T]m) =

2m(1 —
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maioj

I

3

3

QTcol@(1) ||QTrow®(1)| QTrow®(2)
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V

QTrow D (tid) =|QTrow D (tid — 1)

_7®

+ 179 (m) - ChunkJ) (m)
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PD3: OTO0p KaHOMAATOB, BbIMMCIEHWE -1 CTPOKN

C hunkij )

C hunkgj )

o oo Dreck @) @)
l l l l
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OKCNEPUMEHTHI

e AHanoru (nomnck top-1 anccoHaHca Ha GPU)

— KBF_GPU

Thuy T.T.H. et al. A new discord definition and an efficient time series discord detection method using GPUs. ICSED

2021. pp. 63-70. https://doi.org/10.1145/3507473.3507483.

— Zhu et al.

Zhu B. et al. A GPU Acceleration framework for motif and discord based pattern mining. IEEE Transactions on Parallel
and Distributed Systems 32(8): 1987-2004. 2021. https://doi.org/10.1109/TPDS.2021.3055765.

e [laHHblel?)

e AnnapaTtHble naatdopmbl

BpemeHHOM pag,

OnnHa paga, n

ANvHa ANCCOHAHCa,
minL = maxL

XapaKtepucTtuka GPU-MIY | GPU-IOYplyY
Mpou3BoauTeNnb, CEMENCTBO NVIDIA Tesla
Mopaensb P100 V100
# CUDA-agep 3584 5120
TakTtoBadA yactoTta, GHz 1.19 1.3
OnepaTtuBHasa NnamaATb, Gb 16 32
Muk. np-Tb (double), TFLOPS 4 7

Space shuttle 5 000 150
ECG 45 000 200
ECG2 21 600 400
Koski-ECG 100 000 458
Power demand 33220 750
Respiration 24 125 250
RandomWalk1M 1-107 512
RandomWalk2Mm 2107 512

1 Keogh E., Lin J., Fu A. HOT SAX: Finding the most unusual time series subsequence: Algorithms and applications. Proc. 5th IEEE Int. Conf. Data Mining 2004: 440-449. URL:
http://www.cs.ucr.edu/~eamonn/discords/.

2) pearson K. The problem of the random walk. Nature 72(394). https://doi.org/10.1038/072342a0.
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http://www.cs.ucr.edu/%7Eeamonn/discords/
https://doi.org/10.1038/072342a0
https://doi.org/10.1145/3507473.3507483
https://doi.org/10.1109/TPDS.2021.3055765

[lpov3BoanTENbHOCTL; cpaBHeHMe ¢ KBF GPUY

BpeMH Ha NMOUCK BCeX JUNCCOHAHCOB

CpeaHee BpemaA Ha NOMCK OAHOTO AMCCOHAHCA
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PALMAD oneperxkaet KBF_GPU kak no obwemy BpemeHun paboTbl,

TdK N MO CpeaHeEMY BpeEMEHN Ha MONCK OA4HOINO0 ANCCOHAHCA

1) Thuy T.T.H. et al. A new discord definition and an efficient time series discord detection method using GPUs. ICSED 2021. pp. 63—70.
https://doi.org/10.1145/3507473.3507483.
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[lpon3BoAMTENBHOCTL: CpaBHeHue ¢ Zhu et al.V

BpEN\ﬂ Ha NMONCK BCeX ANCCOHAHCOB Cpep,Hee BpemMA Ha NOUCK OAHOIro ANCCOHAaHCA
107 : Zh I : [ Zhuetal. 1568 880.38
uetal i 1568 880 10°{ 1 PALMAD, K =1 ]
L4 PALMAD (# discords) (2 096 385) 1 =1 PALMAD, K = 10% of D] 304 857.75
106‘ 394 838 // {1 23 PALMAD, K = Q1 of |D|
(1 047 809) / S 10° £z PALMAD, K - Q2 of D i
4 / § ] PALMAD, K = Q3 of |D| 5
=z 10° / / 2 1 PALMAD, K = Q4 of |D| 2 2|
L) E / = 10 A -
© n ] b8 —
b % 1519(/ E ] g
2 Wy 8 ] - . :
g .t 5 431 / 5 10" a g 5 8
g 1056 / / £ 07 = gl Joe _ : o
€10 Y a8 oy oy / / g 7t B 2
: 7Rz R ZIRZIRZ G o | e : : o
7176 / / 63 / g - N or S
10 (e3) () / (1) / / g ] 2 gEe 2 5 2o
4 / 26 / 26 / < 10° 4 S 7S 5 - AEEE |~ S = 5 e
% 7 01 % il g 7 7 U . 5y | e, 7k
7 / / / / / / ‘ ZERES ZERg
10" 4 ™) 4 / / / / / 10—1_é 1° 3 %
[ / /] ) /| /] /| /) : by , , : , , ,
. Space shuttle ECG ECG2 Power demand Respiration RandomWalk1M  RandomWalk2M
ce 5\‘\'\{&\6 EGG EGG?— " de“-\a(\d e%ﬁ)l«a“o“ ﬂ’\\N a\\(\\\h ((\\Na\\{rl\\l\
502 powe w R'a“do R@“do

PALMAD oTtcTtaet oT anroputma Zhu et al. no obwemy spemeHun paboTbl,
HO 3HAYMUTE/IbHO OMEPEIKAET €ro Nno cpeHeMy BPEMEHU HA MOUCK OAHOro ANCCOHAHCA,
Ha4YMHaA C NOMCKa top-k gnccoHaHcos, rae k=10% ot paKTUYEeCcKoro Ymcna AMCCOHaHCOB

1) Zhu B. et al. A GPU Acceleration framework for motif and discord based pattern mining. IEEE Transactions on Parallel and Distributed Systems
32(8): 1987-2004. 2021. https://doi.org/10.1109/TPDS.2021.3055765.
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[lpou3BoANTENBHOCTL: BMUAHWE ANUHbI CErMEHTa
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TemaTnyeckoe uccnegosanve: PolyTERY

e JlaHHble: NOKa3aHMA TemnepaTypHOro AatymKka (4actoTa 4 pasa B yac) B aya. 808/36,
33 AHBapb-AeKabpb 2018 r.

e Nunana3oH ANAUH UCKOMbIX AUCCOHaHcoB: 0.5—7 cyToK
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TemaTtunyeckoe uccnegosaHue: PolyTER
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[TpogonxeHne nccnegoBaHum

° Mepa Nnone3HoCTn ANCCOHAaHCA

( heatmap; .,
— (m,) ) m = maxL
Interest(Tim € 2)) =
‘ heatmap; 1 _
— . ,minL < m < maxL
\ norm(m) Y ciencmaxt INte€rest(Ti jen € D)

— Cpeau ANCCOHAHCOB C Pa3/IMYHbIMU AJIMHAMKN cynTaem bonee LEeHHbIMU Te
(c yueTom cTeneHn nx aHoMaibHOCTHK), KOTOPblE UMEIOT MEHbLLYIO A/IUHY
M MEHbLLEee KOIMYeCcTBO TPMBMANbHbBIX COBNAAEHUMN

e Pa3pabotka Bepcun PALMAD anda BbiICOKONPOU3BOAUTE/IBHOIO KaacTepa C
y3/71amun Ha 6a3e GPU

e [lpnmeHeHne PALMAD B HenpoceTteBon moaenmn Ansa NONCKA aHOMaNNU
BPEMEHHOrO psAaa B peXXmme peasibHOro BpemeHwu

Cnacnbo 3a BHumaHue! Bonpocbi?
AHa AneKcaHgpoBHa KpaeBa
kraevaya@susu.ru
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