
ʄɸʉʐʊɸɹʀʈʋɽʄʓɽ ʄɽʊʆɼʓ ʀ ɸʃɻʆʈʀʊʄʓ

ʇʆʀʉʂɸ ɸʅʆʄɸʃʀʁ ɺʆ ɺʈɽʄɽʅʅʓʍ ʈʗɼɸʍ

2.3.5 ïʄʘʪʝʤʘʪʠʯʝʩʢʦʝ ʠ ʧʨʦʛʨʘʤʤʥʦʝ ʦʙʝʩʧʝʯʝʥʠʝ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʩʠʩʪʝʤ, 

ʢʦʤʧʣʝʢʩʦʚ ʠ ʢʦʤʧʴʶʪʝʨʥʳʭ ʩʝʪʝʡ

ɼʠʩʩʝʨʪʘʮʠʷ ʥʘ ʩʦʠʩʢʘʥʠʝ ʫʯʝʥʦʡ ʩʪʝʧʝʥʠ ʢʘʥʜʠʜʘʪʘ ʬʠʟʠʢʦ-ʤʘʪʝʤʘʪʠʯʝʩʢʠʭ ʥʘʫʢ

ʗʥʘ ɸʣʝʢʩʘʥʜʨʦʚʥʘ ʂʨʘʝʚʘ

ʅʘʫʯʥʳʡ ʨʫʢʦʚʦʜʠʪʝʣʴ:
ʎʓʄɹʃɽʈ ʄʠʭʘʠʣ ʃʝʦʥʠʜʦʚʠʯ,
ʜʦʢʪʦʨ ʬʠʟ.-ʤʘʪ. ʥʘʫʢ, ʜʦʮʝʥʪ



ɸʢʪʫʘʣʴʥʦʩʪʴ

Åɺʳʩʦʢʘʷ ʚʦʩʪʨʝʙʦʚʘʥʥʦʩʪʴ ʵʬʬʝʢʪʠʚʥʦʛʦ ʨʝʰʝʥʠʷ ʟʘʜʘʯʠ 

ʦʙʥʘʨʫʞʝʥʠʷ ʘʥʦʤʘʣʠʡ ʚ ʙʦʣʴʰʠʭ ʚʨʝʤʝʥʥʳʭ ʨʷʜʘʭ ʚ 

ʰʠʨʦʢʦʤ ʩʧʝʢʪʨʝ ʧʨʝʜʤʝʪʥʳʭ ʦʙʣʘʩʪʝʡ

Åʄʘʩʩʦʚʦʝ ʨʘʩʧʨʦʩʪʨʘʥʝʥʠʝ ʤʥʦʛʦʷʜʝʨʥʳʭ ʧʨʦʮʝʩʩʦʨʦʚ ʠ 

ʚʳʩʦʢʦʧʨʦʠʟʚʦʜʠʪʝʣʴʥʳʭ ʢʣʘʩʪʝʨʦʚ ʥʘ ʠʭ ʦʩʥʦʚʝ
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ʎʝʣʴ ʜʠʩʩʝʨʪʘʮʠʦʥʥʦʡ ʨʘʙʦʪʳ

ʈʘʟʨʘʙʦʪʢʘ ʠ ʠʩʩʣʝʜʦʚʘʥʠʝ ʥʦʚʳʭ ʤʘʩʰʪʘʙʠʨʫʝʤʳʭ 

ʤʝʪʦʜʦʚ ʠ ʘʣʛʦʨʠʪʤʦʚ ʧʦʠʩʢʘ ʘʥʦʤʘʣʴʥʳʭ 

ʧʦʜʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦʩʪʝʡ ʚʨʝʤʝʥʥʦʛʦ ʨʷʜʘ, 

ʦʩʥʦʚʘʥʥʳʭ ʥʘ ʢʦʥʮʝʧʮʠʠ ʜʠʩʩʦʥʘʥʩʘ, 

ʥʘ ʧʣʘʪʬʦʨʤʝ ʩʦʚʨʝʤʝʥʥʳʭ ʚʳʩʦʢʦʧʨʦʠʟʚʦʜʠʪʝʣʴʥʳʭ 

ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʩʠʩʪʝʤ 
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ʆʩʥʦʚʥʳʝ ʟʘʜʘʯʠ

1. ʈʘʟʨʘʙʦʪʘʪʴ ʠ ʠʩʩʣʝʜʦʚʘʪʴ ʧʘʨʘʣʣʝʣʴʥʳʝ ʘʣʛʦʨʠʪʤʳ ʧʦʠʩʢʘ 

ʜʠʩʩʦʥʘʥʩʦʚ ʚʨʝʤʝʥʥʦʛʦ ʨʷʜʘ, ʠʤʝʶʱʠʭ ʬʠʢʩʠʨʦʚʘʥʥʫʶ ʠ 

ʧʨʦʠʟʚʦʣʴʥʫʶ ʜʣʠʥʳ, ʥʘ ʛʨʘʬʠʯʝʩʢʦʤ ʧʨʦʮʝʩʩʦʨʝ ʠ 

ʚʳʯʠʩʣʠʪʝʣʴʥʦʤ ʢʣʘʩʪʝʨʝ ʩ ʛʨʘʬʠʯʝʩʢʠʤʠ ʧʨʦʮʝʩʩʦʨʘʤʠ

2. ʈʘʟʨʘʙʦʪʘʪʴ ʥʝʡʨʦʩʝʪʝʚʫʶ ʤʦʜʝʣʴ ʜʣʷ ʧʦʠʩʢʘ ʘʥʦʤʘʣʠʡ ʚ 

ʧʦʪʦʢʦʚʳʭ ʜʘʥʥʳʭ ʥʘ ʦʩʥʦʚʝ ʢʦʥʮʝʧʮʠʠ ʜʠʩʩʦʥʘʥʩʘ

3. ʇʨʦʚʝʩʪʠ ʚʳʯʠʩʣʠʪʝʣʴʥʳʝ ʵʢʩʧʝʨʠʤʝʥʪʳ ʩ ʩʠʥʪʝʪʠʯʝʩʢʠʤʠ ʠ 

ʨʝʘʣʴʥʳʤʠ ʚʨʝʤʝʥʥʳʤʠ ʨʷʜʘʤʠ, ʦʮʝʥʠʚʘʶʱʠʝ ʵʬʬʝʢʪʠʚʥʦʩʪʴ 

ʧʨʝʜʣʦʞʝʥʥʳʭ ʤʝʪʦʜʦʚ ʠ ʘʣʛʦʨʠʪʤʦʚ
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ʂʦʥʮʝʧʮʠʷ ʜʠʩʩʦʥʘʥʩʘ
ɸ
ʤ
ʧ
ʣ
ʠ
ʪ
ʫ
ʜ
ʘ
,
 

m
V

ʈ
ʘ
ʩ
ʩ
ʪ
ʦ
ʷ
ʥ
ʠ
ʝ
 

ʜ
ʦ
 
ʙ
ʣ
ʠ
ʞ
.
 
ʩ
ʦ
ʩ
ʝ
ʜ
ʘ

ɸʨʠʪʤʠʷ

ʇʦʨʦʛ ►

ʈʷʜ ʕʂɻ ╣
ɹʣʠʞʘʡʰʠʡ ʩʦʩʝʜ 

ʜʠʩʩʦʥʘʥʩʘ

ὲ

ɼʠʩʩʦʥʘʥʩ

▼▀

ά$ÉÓÔὨȟί

ɼʠʩʩʦʥʘʥʩ Ὠʨʷʜʘ Ὕïʧʦʜʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦʩʪʴ ʜʣʠʥʳ ά, ʨʘʩʩʪʦʷʥʠʝ ʦʪ ʢʦʪʦʨʦʡ ʜʦ ʙʣʠʞʘʡʰʝʛʦ  

ʩʦʩʝʜʘʥʝ ʥʠʞʝ ʟʘʜʘʥʥʦʛʦ ʧʦʨʦʛʘ ὶȠ
ʙʣʠʞʘʡʰʠʡ ʩʦʩʝʜίïʧʦʜʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦʩʪʴ, ʨʘʩʩʪʦʷʥʠʝ ʦʪ ʢʦʪʦʨʦʡ ʜʦ Ὠʤʠʥʠʤʘʣʴʥʦ, 
ʧʨʠʯʝʤ Ὠʠ ίʥʝ ʧʝʨʝʩʝʢʘʶʪʩʷ:

ίᶅɴ Ὕ ÍÉÎ
ᶰ ᷊ ᶮ

$ÉÓÔὨȟί ὶ

ʈ
ʘ
ʟ
ʤ
ʝ
ʪ
ʢ
ʘ
 

ʢ
ʘ
ʨ
ʜ
ʠ
ʦ
ʣ
ʦ
ʛ
ʘ
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ʇʦʩʪʘʥʦʚʢʘ ʟʘʜʘʯʠ ʧʦʠʩʢʘ ʜʠʩʩʦʥʘʥʩʦʚ

Åɼʘʥʦ: ʨʷʜ Ὕ, ʜʠʘʧʘʟʦʥ ʜʣʠʥ ʜʠʩʩʦʥʘʥʩʦʚ άὭὲὒȢȢάὥὼὒ, ʬʫʥʢʮʠʷ ʨʘʩʩʪʦʷʥʠʷ $ÉÓÔẗȟẗ

Åʅʘʡʪʠ:꜠ ẕ Ὀ ȟὈ Ὠ ȟὨ ȟȣ , 

ʛʜʝ άᶅᶰάὭὲὒȢȢάὥὼὒɱὶ ÍÉÎ
ᶰ ᷊ ᶮ

$ÉÓÔὨ ȟί ὶ

Ὠ

ὸάὭὲὒ άὭὲὒ

Ὠ

ὲ

□░▪╛

άὭὲὒ

Ὠ

Ὠ

ὸάὥὼὒ ὲ

Ὠ

□╪●╛

ʈʷʜ╣
ȿὝȿ ὲ

άὥὼὒ

éé
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ʀʟʚʝʩʪʥʳʝ ʘʣʛʦʨʠʪʤʳ ʧʦʠʩʢʘ ʜʠʩʩʦʥʘʥʩʦʚ

ɸʣʛʦʨʠʪʤ
ɼʣʠʥʘ ʜʠʩʩʦʥʘʥʩʘʇʣʘʪʬʦʨʤʘ

ʆʩʦʙʝʥʥʦʩʪʴ/ʂʨʠʪʠʢʘ
ʌʠʢʩʠʨ. ʇʨʦʠʟʚ.CPU GPU ʂʣʘʩʪʝʨ

ʇ
ʦ
ʩ
ʣ
ʝ
ʜ
ʦ
ʚ
ʘ
ʪ
ʝ
ʣ
ʴ
ʥ
ʳ
ʝ

HOTSAX: Keogh E.et al. HOT SAX: efficiently finding the most unusual 

time series subsequence. IEEE ICDM 2005. pp. 226-233.
+ - +

Åʇʨʠʙʣʠʞʝʥʥʳʡ ʧʦʠʩʢʜʠʩʩʦʥʘʥʩʦʚ

DRAG: YankovD. et al. Disk aware discord discovery: finding unusual time 

series in terabyte sized datasets. Knowl. Inf. Syst. 17(2): 241-262. 2008.
+ - +

Åʊʦʯʥʳʡ ʧʦʠʩʢ ʜʠʩʩʦʥʘʥʩʦʚ

Åʈʫʯʥʦʡ ʧʦʜʙʦʨ ʧʦʨʦʛʘ ʠ ʜʣʠʥʳ ʜʠʩʩʦʥʘʥʩʘ

MERLIN : Nakamura T. et al. MERLIN: parameter-free discovery of arbitrary 

length anomalies in massive time series archives. IEEE ICDM 2020. pp. 1190-1195.
+ + +

Åʀʟʙʳʪʦʯʥʳʝʚʳʯʠʩʣʝʥʠʷ

ʇ
ʘ
ʨ
ʘ
ʣ
ʣ
ʝ
ʣ
ʴ
ʥ
ʳ
ʝ

MDD: ʎʳʤʙʣʝʨ ʄ.ʃ. ʇʘʨʘʣʣʝʣʴʥʳʡ ʘʣʛʦʨʠʪʤ ʧʦʠʩʢʘ ʜʠʩʩʦʥʘʥʩʦʚ 
ʚʨʝʤʝʥʥʦʛʦ ʨʷʜʘ ʜʣʷ ʤʥʦʛʦʷʜʝʨʥʳʭ ʫʩʢʦʨʠʪʝʣʝʡ. ɺʳʯ. ʤʝʪʦʜʳ ʠ ʧʨʦʛʨ. 20(3): 

211-223. 2019.

+ - + + -
Åʇʨʠʙʣʠʞʝʥʥʳʡ ʧʦʠʩʢ ʜʠʩʩʦʥʘʥʩʦʚ

Åʈʘʟʜʝʣʴʥʦʝ ʨʘʩʧʘʨʘʣʣʝʣʠʚʘʥʠʝ ʮʠʢʣʦʚ 

ʧʝʨʝʙʦʨʘ ʧʦʜʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦʩʪʝʡ 

MR-DRAG: YankovD. et al. Disk aware discord discovery: finding unusual 

time series in terabyte sized datasets. Knowl. Inf. Syst. 17(2): 241-262. 2008.
+ - + - -

Åʅʝʪ ʨʝʘʣʴʥʦʡ ʨʝʘʣʠʟʘʮʠʠ

Åʉʠʤʫʣʷʮʠʷ MapReduce

PDD: Huang T. et al. Parallel discord discovery. PAKDD 2016. LNCS 9652. 

Springer, 2016. pp. 233-244.
+ - - - +

Åʇʘʨʘʜʠʛʤʘçʤʘʩʪʝʨ-ʨʘʙʦʯʠʝè

Åɹʦʣʴʰʦʝ ʢʦʣʠʯʝʩʪʚʦ ʦʙʤʝʥʦʚ ʤʝʞʜʫ ʫʟʣʘʤʠ

PhiDD: Zymbler M. et al. A Parallel Approach toDiscords Discovery in 

Massive Time Series Data.Computers, Materials & Continua 66(2): 1867-1876. 

2021.

+ - + - +
Åʄʘʪʨʠʯʥʦ-ʚʝʢʪʦʨʥʳʝ ʩʪʨʫʢʪʫʨʳ ʜʘʥʥʳʭ

Åʂʚʘʜʨʘʪʠʯʥʘʷ ʧʨʦʩʪʨʘʥʩʪʚʝʥʥʘʷ ʩʣʦʞʥʦʩʪʴ 

ʦʪ ʜʣʠʥʳ ʨʷʜʘ

ɾʫʠ ʜʨ.:Zhu B. et al. A GPU Acceleration framework for motif and discord 

based pattern mining. IEEE Trans. on Paral. and Distr. Systems 32(8): 1987-2004. 

2021.

+ - - + -
Åɺʳʯʠʩʣʠʪʝʣʴʥʳʝʰʘʙʣʦʥʳ

Åʇʦʠʩʢ ʦʜʥʦʛʦ (ʩʘʤʦʛʦ ʚʘʞʥʦʛʦ) ʜʠʩʩʦʥʘʥʩʘ

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.
+ - - + -

Åʇʦʣʥʳʡʧʝʨʝʙʦʨ ʧʦʜʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦʩʪʝʡ 

ʨʷʜʘ
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ʅʦʚʳʝ ʧʘʨʘʣʣʝʣʴʥʳʝ ʘʣʛʦʨʠʪʤʳ ʧʦʠʩʢʘ ʜʠʩʩʦʥʘʥʩʦʚ

ɸʨʭʠʪʝʢʪʫʨʘ

GPU ʂʣʘʩʪʝʨ ʩ GPU-ʫʟʣʘʤʠ

ʇʦʠʩʢ 

ʜʠʩʩʦʥʘʥʩʦʚ 

ʬʠʢʩʠʨʦʚʘʥʥʦʡ

ʜʣʠʥʳ

PD3
Parallel DRAG-basedDiscord Discovery

Åʆʧʪʠʤʠʟʘʮʠʷ ʚʳʯʠʩʣʝʥʠʷ ʨʘʩʩʪʦʷʥʠʡ

Åʇʨʠʤʝʥʝʥʠʝ %$

ʇʦʠʩʢ

ʜʠʩʩʦʥʘʥʩʦʚ 

ʧʨʦʠʟʚʦʣʴʥʦʡ

ʜʣʠʥʳ

PALMAD
Parallel All -Length MERLIN-based 

Anomaly Discovery

Åʉʦʢʨʘʱʝʥʠʝ ʠʟʙʳʪʦʯʥʳʭ ʚʳʯʠʩʣʝʥʠʡ

Åʊʝʧʣʦʚʘʷ ʢʘʨʪʘ ʜʠʩʩʦʥʘʥʩʦʚ

PADDi
PALMAD -based Anomaly Discovery 

on Distributed GPUs

Åʆʙʨʘʙʦʪʢʘ ʚʨʝʤʝʥʥʳʭ ʨʷʜʦʚ, ʢʦʪʦʨʳʝ

ʥʝ ʧʦʤʝʱʘʶʪʩʷ ʚ ʦʧʝʨʘʪʠʚʥʫʶ ʧʘʤʷʪʴ
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ʌʘʟʳ ʧʦʠʩʢʘ ʜʠʩʩʦʥʘʥʩʦʚ

Ὕ

2. ʆʯʠʩʪʢʘ

ɿʘ ʦʜʥʦ ʩʢʘʥʠʨʦʚʘʥʠʝ 

ʨʷʜʘ ʦʪʙʨʦʩʠʪʴ 

ʣʦʞʥʦʧʦʣʦʞʠʪʝʣʴʥʳʭ 

ʢʘʥʜʠʜʘʪʦʚ

רּ

שּ

ḧרּ Ὕȟ
while not%/&╣
2ÅÁÄ╣ȟί
ὭίὅὥὲὨḊ 425%
for eachὧᶰּרand ί᷊ ὧ ᶮ

if $ÉÓÔίȟὧ ὶthen

רḧּרּ ὧʌ; ὭίὅὥὲὨḧ&!,3%
if ὭίὅὥὲὨ425%thenּרḧּ᷾רί

רḧּשּ
while not%/&╣
2ÅÁÄ╣ȟί
for eachὨᶰּשand ί᷊ Ὠ ᶮ

if $ÉÓÔίȟὨ ὶthen

שḧּשּ Ὠʌ

1. ʆʪʙʦʨ

ɿʘ ʦʜʥʦ ʩʢʘʥʠʨʦʚʘʥʠʝ 

ʨʷʜʘ ʩʬʦʨʤʠʨʦʚʘʪʴ 

ʤʥʦʞʝʩʪʚʦ ʢʘʥʜʠʜʘʪʦʚ 

ʚ ʜʠʩʩʦʥʘʥʩʳ
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ɸʣʛʦʨʠʪʤʳ PALMAD ʠ PD3

ʬʘʟʘ ʧʘʨʘʣʣʝʣʴʥʦʡ ʧʨʝʜʦʙʨʘʙʦʪʢʠ

ʥʘ ʦʩʥʦʚʝ ʨʝʢʫʨʨʝʥʪʥʳʭ ʬʦʨʤʫʣ

ʬʘʟʳ ʧʘʨʘʣʣʝʣʴʥʳʭ ʦʪʙʦʨʘ ʠ ʦʯʠʩʪʢʠ 

ʜʠʩʩʦʥʘʥʩʦʚ ʥʘ ʦʩʥʦʚʝ ʨʘʩʩʪʦʷʥʠʷ %$

ὰὩὲάὭὲὒ

άὭὲὒὰὩὲάὭὲὒτ

άὭὲὒτ ὰὩὲάὥὼὒ
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ɸʣʛʦʨʠʪʤ PALMAD: 

ʌʘʟʘ ʧʘʨʘʣʣʝʣʴʥʦʡ ʧʨʝʜʦʙʨʘʙʦʪʢʠ

%$ ὝȟȟὝȟ ςά ρ
ὝȟȟὝȟ ά‘

ȟ
‘

ȟ

ά„
ȟ
„

ȟ

ɺʳʯʠʩʣʝʥʠʝ Ⱨʠ Ɑ(□ □░▪╛)

‘
ȟ

ά‘
ȟ
ὸ ,

„
ȟ

ά

ά ρ
„

ȟ

ρ

ά ρ
‘

ȟ
ὸ

ʆʙʥʦʚʣʝʥʠʝ Ⱨʠ Ɑ □░▪╛□ □╪●╛

ɼʦʢʘʟʘʥʦ ʫʪʚʝʨʞʜʝʥʠʝ:
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ɸʣʛʦʨʠʪʤ PD3: 

ʉʝʛʤʝʥʪʠʨʦʚʘʥʠʝ ʨʷʜʘ

ʇʘʨʘʤʝʪʨ ʉʝʤʘʥʪʠʢʘ

ίὩὫὰὩὲ ɼʣʠʥʘ ʩʝʛʤʝʥʪʘ,ίὩὫὰὩὲίὩὫὔά ρ

ίὩὫὔ ʂʦʣʠʯʝʩʪʚʦ ʢʘʥʜʠʜʘʪʦʚ ʚ ʩʝʛʤʝʥʪʝ (ʧʘʨʘʤʝʪʨ) ʢʨʘʪʥʦ ʨʘʟʤʝʨʫ ʚʘʨʧʘύὥὶὴίὭᾀὩσς

Ὕ ʉʝʛʤʝʥʪ ʢʘʥʜʠʜʘʪʦʚ

ὅὬόὲὯ ʕʣʝʤʝʥʪʳ ʨʷʜʘ ʜʣʷ ʦʪʙʨʘʩʳʚʘʥʠʷ ʢʘʥʜʠʜʘʪʦʚ ʥʘ ʦʯʝʨʝʜʥʦʡ ʠʪʝʨʘʮʠʠ

ὴὥὨ ʂʦʣʠʯʝʩʪʚʦ ʬʠʢʪʠʚʥʳʭ ʵʣʝʤʝʥʪʦʚ ʨʷʜʘ

Њ
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ɸʣʛʦʨʠʪʤ PD3: 

ʈʘʩʧʘʨʘʣʣʝʣʠʚʘʥʠʝ ʬʘʟ ʦʪʙʦʨʘ ʠ ʦʯʠʩʪʢʠ

╠╣╬▫■░ ◄░▀ Ὕ ὯɇὅὬόὲὯ Ὧ

╠╣►▫◌░ ◄░▀ Ὕ ὯɇὅὬόὲὯ Ὧ

╠╣►▫◌░ ◄░▀ὗὝὶέύ ὸὭὨρ

Ὕ ρɇὅὬόὲὯ ρ Ὕ ά ɇὅὬόὲὯ ά

ʉʦʢʨʘʱʝʥʠʝ ʦʙʲʝʤʘ 

ʚʳʯʠʩʣʝʥʠʡ

╫■▫╬▓

╫■▫╬▓

ὔ

╫■▫╬▓
ổ
╝
▼▄▌╝

Ỗ

é

é

╫■▫╬▓
ổ
╝
▼▄▌╝

Ỗ

ȿ╒░ȿ z

ȿ╒░ȿ z

ȿ╒░ȿ z

ȿ╒░ȿ z

ὔ

ίὩὫὔ

ί
Ὡ
Ὣ
ὔ

é

ὅὬόὲὯ

ὅὬόὲὯ

ὅὬόὲὯ

é

ὛὩὫάὩὲὸ

ὅ
Ὤ
ό
ὲὯ

╣░

╒
▐
◊
▪ ▓
▒

╣

Ὕ Ὕ Ὕ

╫■▫╬▓░

é é

╣

%$ ὝȟȟὝȟ ςά ρ
ὝȟȟὝȟ ά‘

ȟ
‘

ȟ

ά„
ȟ
„

ȟ
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ɸʣʛʦʨʠʪʤ PALMAD: 

ɺʳʯʠʩʣʠʪʝʣʴʥʳʝ ʵʢʩʧʝʨʠʤʝʥʪʳ

Åɸʧʧʘʨʘʪʥʳʝʧʣʘʪʬʦʨʤʳ

ɺʨʝʤʝʥʥʦʡ

ʨʷʜ

ɼʣʠʥʘʨʷʜʘ, 

▪
ɼʣʠʥʘʜʠʩʩʦʥʘʥʩʘ,

□░▪╛□╪●╛

Space shuttle 5 000 150

ECG 45000 200

ECG2 21600 400

Koski-ECG 100 000 458

Power demand 33220 750

Respiration 24125 250

Åɼʘʥʥʳʝ

ʍʘʨʘʢʪʝʨʠʩʪʠʢʘʃʦʤʦʥʦʩʦʚ-2

(ʄɻʋ)

ʅʝʡʨʦʢʦʤʧ.

(ʖʋʨɻʋ)

ʇʨʦʠʟʚʦʜʠʪʝʣʴ,ʩʝʤʝʡʩʪʚʦ NVIDIA Tesla

ʄʦʜʝʣʴ P100 V100

# CUDA-ʷʜʝʨ 3 584 5 120

ʊʘʢʪʦʚʘʷʯʘʩʪʦʪʘ, GHz 1.19 1.3

ʆʧʝʨʘʪʠʚʥʘʷ ʧʘʤʷʪʴ, Gb 16 32

ʇʠʢ.ʧʨ-ʪ (ɹdouble), TFLOPS 4 7

Åʀʟʚʝʩʪʥʳʝ ʘʥʘʣʦʛʠ (ʧʦʠʩʢ top-1 ʜʠʩʩʦʥʘʥʩʘ ʥʘ GPU)

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

ICSED 2021. pp. 63ï70. DOI: 10.1145/3507473.3507483.

īɾʫʠ ʜʨ.A GPU Acceleration framework for motif and discord based pattern mining. IEEE TPDS 32(8): 1987ï2004. 2021. 

DOI: 10.1109/TPDS.2021.3055765.
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ɸʣʛʦʨʠʪʤ PALMAD: 

ʉʨʘʚʥʝʥʠʝ ʩ ʠʟʚʝʩʪʥʳʤʠ ʘʥʘʣʦʛʘʤʠ

ʉʨʘʚʥʝʥʠʝ ʩ KBF_GPU
(NVIDIA TeslaV100, ʅʝʡʨʦʢʦʤʧʴʶʪʝʨ, ʖʋʨɻʋ)

PALMAD ʦʧʝʨʝʞʘʝʪ KBF_GPU 

ʙʦʣʝʝ ʯʝʤ ʥʘ ʜʚʘ ʧʦʨʷʜʢʘ

ʉʨʘʚʥʝʥʠʝ ʩ ʘʣʛʦʨʠʪʤʦʤ ɾʫʠ ʜʨ.
(NVIDIA Tesla P100, ʃʦʤʦʥʦʩʦʚ-2, ʄɻʋ)

PALMAD ʦʧʝʨʝʞʘʝʪ ʘʣʛʦʨʠʪʤ ɾʫ ʠ ʜʨ. 

ʙʦʣʝʝ ʯʝʤ ʚ ʪʨʠ ʨʘʟʘ
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ɸʣʛʦʨʠʪʤ PADDi

é é

╣ רּ ʆʪʙʦʨשּ ʆʯʠʩʪʢʘ

╣ רּ ʆʪʙʦʨשּ ʆʯʠʩʪʢʘ

╣ רּ ʆʪʙʦʨשּ ʆʯʠʩʪʢʘ

שḧּ᷾רּ רּשḧּ᷊שּ ʆʯʠʩʪʢʘשּ

רּ ʆʯʠʩʪʢʘשּ

é

רּ ʆʯʠʩʪʢʘשּ

ʃʦʢʘʣʴʥʳʝ ʦʪʙʦʨ ʠ ʦʯʠʩʪʢʘ ɻʣʦʙʘʣʴʥʘʷ ʦʯʠʩʪʢʘ

ɻʣʦʙʘʣʴʥʳʝ

ʢʘʥʜʠʜʘʪʳ
ɻʣʦʙʘʣʴʥʳʝ 

ʜʠʩʩʦʥʘʥʩʳ

╣ ╣ ╣é
╣
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ɸʣʛʦʨʠʪʤ PADDi: 

ʌʨʘʛʤʝʥʪʘʮʠʷ ʠ ʩʝʛʤʝʥʪʘʮʠʷ

Ὕ Ὕ Ὕé

ʌʨʘʛʤʝʥʪʘʮʠʷ

άὥὼὒρ άὥὼὒρ

CPUὴ

GPU1 GPUή

άὥὼὒρὝ Ὕ

CPU2

GPU1 GPUή

άὥὼὒρὝ Ὕ

CPU1

ʉʝʛʤʝʥʪʘʮʠʷ

GPU1 GPUή

άὥὼὒρὝ Ὕ
é

é
ʂʣʘʩʪʝʨ

Ὕ

ʉʝʛʤʝʥʪʘʮʠʷ ʉʝʛʤʝʥʪʘʮʠʷ

ʌʨʘʛʤʝʥʪʘʮʠʷ ʌʨʘʛʤʝʥʪʘʮʠʷ

é é é
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ɸʣʛʦʨʠʪʤ PADDi: 

ʌʘʟʘ ʧʘʨʘʣʣʝʣʴʥʦʡ ʧʨʝʜʦʙʨʘʙʦʪʢʠ

Zymbler M., Kraeva Y. High-Performance Time Series Anomaly Discovery on Graphics Processors // 

Mathematics. 2023. Vol. 11, No. 14. Article 3193. PDF DOI: 10.3390/math11143193 WOS:001039018700001

ʀʥʠʮʠʘʣʠʟʘʮʠʷ ὶ ʇʨʝʜʦʙʨʘʙʦʪʢʘ
ʇʦʠʩʢ 

ʜʠʩʩʦʥʘʥʩʦʚ
ʆʙʥʦʚʣʝʥʠʝ ὶ

꜠ᴺ꜠᷾Ὀ
ʠʥʘʯʝ

ɼʠʩʩʦʥʘʥʩʳ

ʥʝ ʥʘʡʜʝʥʳ

FOR EACH □ᶰ□░▪╛Ƞ□╪●╛

ɺʳʯʠʩʣʝʥʠʝ

‘ʠ „
‘ ȟ„

ɺʳʯʠʩʣʝʥʠʝ

‘ʠ„
‘ ȟ„

é é é

Ὕ

Ὕ

GPU1

GPUή

é

ɺʳʯʠʩʣʝʥʠʝ

‘ʠ „
‘ ȟ„

ɺʳʯʠʩʣʝʥʠʝ

‘ʠ „
‘ ȟ„

Ὕ

Ὕ

GPU1

GPUή

é

é é

ʫʟʝʣὴ

ʫʟʝʣ1

é é

ˠ̈̆̌░ ░ɴ ȟ▬

ἍἜἣ░ ░ɴ ȟ▬ ἑἜἣ▒ ▒ɴ ȟ▲

1: άώὶὥὲὯN-0)ͅ#ÏÍÍͅÒÁÎË1:

2: if άώὶὥὲὯπthen꜠ᴺᶮ 2:

3: Read fragment Ὕ of Ὕ 3:

4: Ὕ ᴺ3ÅÇÍÅÎÔÁÔÅὝ 4:

5: for ά from άὭὲὒtoάὥὼὒdo  5:

6: ὶN )ÎÉÔ4ÈÒÅÓÈÏÌÄ6: 

7: 7: if ά άὭὲὒthen

8: 8: ‘ ȟ„ ᴺ#ÁÌÃ-ÅÁÎ3ÔÄὝ

9: 9: else

10: 10: ‘ ȟ„ ᴺ5ÐÄÁÔÅ-ÅÁÎ3ÔÄὝ ȟ‘ ȟ„

18/30



ɸʣʛʦʨʠʪʤ PADDi: 

ʌʘʟʳ ʣʦʢʘʣʴʥʦʛʦ ʦʪʙʦʨʘ ʠ ʦʯʠʩʪʢʠ 

ʀʥʠʮʠʘʣʠʟʘʮʠʷ ὶ ʇʨʝʜʦʙʨʘʙʦʪʢʘ
ʇʦʠʩʢ 

ʜʠʩʩʦʥʘʥʩʦʚ
ʆʙʥʦʚʣʝʥʠʝ ὶ

꜠ᴺ꜠᷾Ὀ
ʠʥʘʯʝ

ɼʠʩʩʦʥʘʥʩʳ

ʥʝ ʥʘʡʜʝʥʳ

FOR EACH □ᶰ□░▪╛Ƞ□╪●╛

ʫʟʝʣὴ(ʨʘʙʦʯʠʡ)

ʫʟʝʣ1 (ʤʘʩʪʝʨ)

ὅ

éé

Ὕ

Ὕ

Ὕ

Ὕ

ʆʪʙʦʨ 

ʠ ʦʯʠʩʪʢʘ

ʜʠʩʩʦʥʘʥʩʦʚ 

ʬʨʘʛʤʝʥʪʘ

ὅ

MPI_Allgatherv

ʆʪʙʦʨ 

ʠ ʦʯʠʩʪʢʘ

ʜʠʩʩʦʥʘʥʩʦʚ 

ʬʨʘʛʤʝʥʪʘ

CPU1

GPU1

GPUή

CPUὴ

GPU1

GPUή

é

é

ˠ̈̆̌░ ░ɴ ȟ▬

ἍἜἣ░ ░ɴ ȟ▬ ἑἜἣ▒ ▒ɴ ȟ▲

11: ὲὲὈὭίὸ ᴺ Њ 11:

12: whileὲὲὈὭίὸ πdo 12:

13: 13: Ὀ ᴺ0$σὝ ȟ‘ ȟ„ ȟὶ

14: ὅ ᴺ᷾ Ὀ 14:

15: 15: Ὀ ᴺ,ÏÃÁÌ2ÅÆÉÎÅ(Ὕ ȟὅ )

16: ὅ ᴺ᷊ Ὀ 16:

17: ὅ ᴺMPI_Allgatherv(ὅ ȟ-0)ͅ&,/!4)17:
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ɸʣʛʦʨʠʪʤ PADDi: 

ʌʘʟʘ ʛʣʦʙʘʣʴʥʦʡ ʦʯʠʩʪʢʠ

ʀʥʠʮʠʘʣʠʟʘʮʠʷ ὶ ʇʨʝʜʦʙʨʘʙʦʪʢʘ
ʇʦʠʩʢ 

ʜʠʩʩʦʥʘʥʩʦʚ
ʆʙʥʦʚʣʝʥʠʝ ὶ

꜠ᴺ꜠᷾Ὀ
ʠʥʘʯʝ

ɼʠʩʩʦʥʘʥʩʳ

ʥʝ ʥʘʡʜʝʥʳ

FOR EACH □ᶰ□░▪╛Ƞ□╪●╛

/

ὅ ᷾ὅ

é

Ὀ ᷊ὅ

ὅ ᷾ὅ ὅ

ʆʯʠʩʪʢʘ

ʜʠʩʩʦʥʘʥʩʦʚ 

ʨʷʜʘ 

MPI_Allgatherv

ʆʯʠʩʪʢʘ

ʜʠʩʩʦʥʘʥʩʦʚ 

ʨʷʜʘ 

ὅ

MPI_Gatherv

ʫʟʝʣὴ(ʨʘʙʦʯʠʡ)

ʫʟʝʣ1 (ʤʘʩʪʝʨ)

é

Ὕ

Ὕ

Ὕ

Ὕ

CPU1

GPU1

GPUή

CPUὴ

GPU1

GPUή

é

é

ˠ̈̆̌░ ░ɴ ȟ▬

ἍἜἣ░ ░ɴ ȟ▬ ἑἜἣ▒ ▒ɴ ȟ▲

18: 18: Ὀ ᴺ'ÌÏÂÁÌ2ÅÆÉÎÅ(Ὕ ȟὅ)

19: ὅ ᴺ᷊ Ὀ 19:

20: if άώὶὥὲὯπthen 20:

21: Ὀ ᴺ᷊ MPI_Recv(ὅ )21: 

22: ꜠ᴺ꜠᷾Ὀ 22:

23: ὲὲὈὭίὸ ᴺÍÉÎ
ᶰ
ὨȢὲὲὈὭίὸ23:

24: else 24:

25: MPI_Send(ὅ ) 25:

20/30



ɸʣʛʦʨʠʪʤ PADDi:

ʃʦʢʘʣʴʥʘʷ ʠ ʛʣʦʙʘʣʴʥʘʷ ʦʯʠʩʪʢʘ ʜʠʩʩʦʥʘʥʩʦʚ

╣░■▄╢ ╣░■▄╟

ʇʦʜʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦʩʪʠ

ʩʝʛʤʝʥʪʘ

Ὓɴ ᴙ

ʂʘʥʜʠʜʘʪʳ 

ʚ ʜʠʩʩʦʥʘʥʩʳ

ὅ ᶰᴙ

╣░■▄╒

ὔ

ά

ά

ȿὅȿ

ὔ
ὦὰέὧὯὰὩὲ

ὦ
ὰ
έ
ὧ
Ὧ

ὰ
Ὡ
ὲ

ʇʘʨʘʣʣʝʣʴʥʳʡ ʙʣʦʯʥʳʡ ʘʣʛʦʨʠʪʤ 

ʤʘʪʨʠʯʥʦʛʦ ʫʤʥʦʞʝʥʠʷ:

ὖȟ
ẗ

ẗ

Ὓȟẗὅȟȟ

Ὧ ρȟςȟȣȟὔȠὰ ρȟςȟȣȢȟȿὅȿ

ɸʣʛʦʨʠʪʤ LocalRefine(IN: ὛȟὅȟӶ‘ȟ„ȟάȟὶȠOUT: ꜠ )

1: ὄὭὸάὥὴᴺ425%ȠὲὲὈὭίὸᴺ Њ

2: ίὸὥὶὸͅὼ ᴺὦὰέὧὯὭὨȢώẗὦὰέὧὯὰὩὲȠὩὲᾨὼ ᴺ ὦὰέὧὯὭὨȢώ ρẗὦὰέὧὯὰὩὲ

3: ίὸὥὶὸῴ ᴺὦὰέὧὯὭὨȢὼẗὦὰέὧὯὰὩὲȠὩὲᾨώ ᴺ ὦὰέὧὯὭὨȢὼ ρẗὦὰέὧὯὰὩὲ

4: for ὭN πtoάstepὦὰέὧὯὰὩὲdo

5: ὝὭὰὩᴺὛίὸὥὶὸῲ ȡὩὲᾨὼ ȟὭȡὭ ὦὰέὧὯὰὩὲ

6: ὝὭὰὩᴺὅὭȡὭ ὦὰέὧὯὰὩὲȟίὸὥὶὸῴ ȡὩὲᾨώ

7: ὝὭὰὩᴺὝὭὰὩ -ÁÔÒÉØ-ÕÌÔÉÐÌÙὝὭὰὩȟὝὭὰὩ

8: Ӷ‘ȟ„ ᴺ Ӷ‘ȟ„ #ÁÌÃ-ÅÁÎ3ÔÄὝὭὰὩȟά

9: ὨὭίὸᴺ#ÁÌÃ$ÉÓÔὝὭὰὩȟӶ‘ȟ„ȟӶ‘ȟ„ȟά

10: if ὨὭίὸὶthen 

11: ὲὲὈὭίὸίὸὥὶὸῴ ὸὭὨNÍÉÎὨὭίὸȟὲὲὈὭίὸίὸὥὶὸῴ ὸὭὨ

12: else

13: ὄὭὸάὥὴίὸὥὶὸῴ ὸὭὨN&!,3%

14: ꜠ᴺ ὅᶰὅȠὲὲὈὭίὸὭȿρ Ὥ ȿὅȿȟὄὭὸάὥὴὭ 425%

ʉʢʘʣʷʨʥʳʝ 

ʧʨʦʠʟʚʝʜʝʥʠʷ 

ὖᶰᴙ ȿȿ

ȿὅȿ
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ɸʣʛʦʨʠʪʤ PADDi: 

ʋʩʢʦʨʝʥʠʝʠ ʧʨʦʠʟʚʦʜʠʪʝʣʴʥʦʩʪʴ

ʃʦʤʦʥʦʩʦʚ-2, ʄɻʋ
ʫʟʝʣ: 1 Xeon Gold 6126 

+ 2 Tesla P100

ʃʦʙʘʯʝʚʩʢʠʡ, ʅʅɻʋ 
ʫʟʝʣ: 2 Sandy Bridge 

E5-2660 + 3 Kepler K20X

ʋʩʢʦʨʝʥʠʝ ʠʤʝʝʪ ʣʠʥʝʡʥʳʡʭʘʨʘʢʪʝʨ.

ʋʩʢʦʨʝʥʠʝ ʙʦʣʴʰʝ ʧʨʠʙʦʣʴʰʝʤ ʢʦʣʠʯʝʩʪʚʝGPU ʥʘ ʦʜʥʦʤ ʫʟʣʝ ʢʣʘʩʪʝʨʘ.

Åʈʷʜ: ECG

Åɼʣʠʥʘ ʨʷʜʘ:ςẗρπ
Åɼʠʘʧʘʟʦʥ ʜʣʠʥ 

ʜʠʩʩʦʥʘʥʩʘȡφτȢȢρςψ

ʇ
ʨ
ʦ
ʠ
ʟ
ʚ
ʦ
ʜ
ʠ
ʪ
ʝ
ʣ
ʴ
ʥ
ʦ
ʩ
ʪ
ʴ
,
 
ʩ

ʇ
ʨ
ʦ
ʠ
ʟ
ʚ
ʦ
ʜ
ʠ
ʪ
ʝ
ʣ
ʴ
ʥ
ʦ
ʩ
ʪ
ʴ
,
 
ʩ

Ὓὴ ὸȾὸ,

ὸīʚʨʝʤʷ PALMAD 

ʥʘ ʦʜʥʦʤ GPU

ὸīʚʨʝʤʷ PADDi

ʥʘ ὴGPU
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ɸʣʛʦʨʠʪʤ TopInterestDiscords:

ʊʝʧʣʦʚʘʷ ʢʘʨʪʘ ʠ ʨʘʥʞʠʨʦʚʘʥʠʝ ʜʠʩʩʦʥʘʥʩʦʚ

ʊʝʧʣʦʚʘʷ ʢʘʨʪʘ ʘʥʦʤʘʣʠʡ (0.5-2 ʩʫʪʦʢ)

ʊʝʤʧʝʨʘʪʫʨʘ ʚʦʟʜʫʭʘ ʚ ʧʦʤʝʱʝʥʠʠ

Åʊʝʧʣʦʚʘʷ ʢʘʨʪʘ:ὬὩὥὸάὥὴᶰᴙ , 

ʠʥʪʝʥʩʠʚʥʦʩʪʴ ʧʠʢʩʝʣʘ άȟὭʩʦʦʪʚʝʪʩʪʚʫʝʪ ʩʪʝʧʝʥʠ 
ʘʥʦʤʘʣʴʥʦʩʪʠ ʜʠʩʩʦʥʘʥʩʘ Ὕȟ ᶰὈ

ὬὩὥὸάὥὴάȟὭ
ὝȟȢὲὲὈὭίὸ

ςά
Åʅʘʠʙʦʣʝʝ ʮʝʥʥʳʡ ʜʠʩʩʦʥʘʥʩ:

ÁÒÇÍÁØ ÍÁØ ὬὩὥὸάὥὴάȟὭ

ɼ
ʣ
ʠ
ʥ
ʘ
 
ʜ
ʠ
ʩ
ʩ
ʦ
ʥ
ʘ
ʥ
ʩ
ʘ

ʊ
ʝ
ʤ
ʧ
ʝ
ʨ
ʘ
ʪ
ʫ
ʨ
ʘ
,
 

0
ʉ
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ʄʝʪʦʜ DiSSiD: 

ʇʦʠʩʢ ʘʥʦʤʘʣʠʡ ʚ ʧʦʪʦʢʦʚʳʭ ʜʘʥʥʳʭ

é
ʄʦʜʝʣʴ DiSSiD

Discord, Snippet, and Siamese Net-based 

Detector of anomalies

ʀʃʀ

SFA

Snippet-Finder

Advanced

PADDi

(PALMAD)
ʆʙʫʯʘʶʱʘʷ 

ʚʳʙʦʨʢʘ

ʈʘʟʤʝʪʢʘ

ʘʢʪʠʚʥʦʩʪʝʡ

ʇʦʠʩʢ 

ʜʠʩʩʦʥʘʥʩʦʚ
ʈʝʧʨʝʟʝʥʪʘʪʠʚʥʳʡ ʬʨʘʛʤʝʥʪ

ʧʦʪʦʢʦʚʦʛʦ ʚʨʝʤʝʥʥʦʛʦ ʨʷʜʘ

ʇʦʜʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦʩʪʴ

ʅʦʨʤʘ

ɸʥʦʤʘʣʠʷ

ɸʣʛʦʨʠʪʤ ʬʦʨʤʠʨʦʚʘʥʠʷ ʚʳʙʦʨʢʠ
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ʄʝʪʦʜ DiSSiD:

ʊʘʢʩʦʥʦʤʠʷ ʘʥʦʤʘʣʠʡ

ïʪʠʧʠʯʥʳʝ ʘʢʪʠʚʥʦʩʪʠ ὅȟὅ

ïʥʝʪʠʧʠʯʥʳʝ ʘʢʪʠʚʥʦʩʪʠ ὅ

ïh ʫʤʳ ʚ ʢʘʞʜʦʡ ʘʢʪʠʚʥʦʩʪʠ ὕ

ïʘʥʦʤʘʣʴʥʳʝ ʘʢʪʠʚʥʦʩʪʠ 

(ʜʠʩʩʦʥʘʥʩʳ) Ὀ

╒ἿἭἩἳ

╒

╒
Ὕȟ

ὝȟὝȟ

Ὕȟ

Ὕ

ὼ

ὼ
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ʄʝʪʦʜ DiSSiD: 

ɸʣʛʦʨʠʪʤ ʬʦʨʤʠʨʦʚʘʥʠʷ ʦʙʫʯʘʶʱʝʡ ʚʳʙʦʨʢʠ

3. ʇʦʠʩʢ ʰʫʤʦʚ ʚ ʢʘʞʜʦʡ ʘʢʪʠʚʥʦʩʪʠ 

ʤʝʪʦʜʦʤ ʠʟʦʣʠʨʫʶʱʝʛʦ ʣʝʩʘ

4. ʇʦʠʩʢ ʘʥʦʤʘʣʴʥʳʭ ʘʢʪʠʚʥʦʩʪʝʡ (ʜʠʩʩʦʥʘʥʩʦʚ) 

ʧʘʨʘʣʣʝʣʴʥʳʤ ʘʣʛʦʨʠʪʤʦʤ PADDi

2. ʇʦʠʩʢ ʥʝʪʠʧʠʯʥʳʭ ʘʢʪʠʚʥʦʩʪʝʡ

5. ʆʯʠʩʪʢʘ ʚʳʙʦʨʢʠ ʦʪ ʨʘʟʣʠʯʥʳʭ ʘʥʦʤʘʣʠʡ

ɸʣʛʦʨʠʪʤCleanData(IN: Ὕȟάȟ‌ȟ•ȟὑȠOUT: fl)

1: ὅ ᴺ3&!Ὕȟάȟὑ

2: ὅ ᴺ ὅᶰὅ ȿὅȢὪὶὥὧ•ȟρ Ὥ ὑ

3: ὅ ᴺὅ #͵

4: for ὭN ρto ὅ do

5: ὕᴺ)ÓÏÌÁÔÉÏÎ&ÏÒÅÓÔὅȢὴὶέὪὭὰὩ᷾ὕ

6: ὲ ᴺ ‌ẗὲ ά ρ

7: Ὀᴺ0!$$ÉὝȟάȟάȟὲ

8: fl ᴺὅ ᷾ὅ Ȣὔὔ᷾ Ὀ᷾ὕ

9: flᴺὛ fl͵

10: return ︡

1. ʇʦʠʩʢ ʪʠʧʠʯʥʳʭ ʘʢʪʠʚʥʦʩʪʝʡ 

ʤʦʜʠʬʠʮʠʨʦʚʘʥʥʳʤ ʘʣʛʦʨʠʪʤʦʤ ʧʦʠʩʢʘ ʩʥʠʧʧʝʪʦʚ

Åʋʣʫʯʰʝʥʥʳʡ ʦʪʙʦʨ ʩʥʠʧʧʝʪʦʚ

Åɸʚʪʦʤʘʪʠʟʠʨʦʚʘʥʥʳʡ ʧʦʜʙʦʨ ʛʠʧʝʨʧʘʨʘʤʝʪʨʘ 

ʜʣʷ ʚʳʯʠʩʣʝʥʠʷ ʨʘʩʩʪʦʷʥʠʷ -0ÄÉÓÔЉẗȟẗ:

Ὧ ÍÁØρ
ρ ςЉ

ςά Љ ρ
ȟπȢρά
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ʄʝʪʦʜ DiSSiD:

ʅʝʡʨʦʩʝʪʝʚʘʷ ʤʦʜʝʣʴ

ὒίȟί ‏ ẗ-0ÄÉÓÔЉὬȟὬ

ρ ‏ ẗÍÁØ† -0ÄÉÓÔЉὬȟὬ ȟπ

ʄʝʨʘ MPdist:

-0ÄÉÓÔЉὃȟὄ !ÓÃ3ÏÒÔὖ Ὧȟ
ὖ ὖ ɇὖ ȟ

ὖ %$ ὃȟЉȟὄȟЉ
Љ ȟ

ὄȟЉ ÁÒÇÍÉÎ
Љ
%$ ὃȟЉȟὄȟЉȟ

ʛʜʝ π Ὧ ά, Ὧ ổπȢράỖ

ʄʦʜʠʬʠʮʠʨʦʚʘʥʥʘʷ ʬʫʥʢʮʠʷ ʢʦʥʪʨʘʩʪʥʳʭ ʧʦʪʝʨʴ:

‏
ίȟίᶰὅȢὔὔȟρ Ὥ ὑ

πȟ ίᶰὅȢὔὔȟίᶰὅȢὔὔȟὭ Ὦȟρ ὭȟὮ ὑ

† ÍÉÎ
ȟ

-0ÄÉÓÔЉὬȟὬ
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ίὧέὶὩίȟὅ

ίὧέὶὩίȟὅ

ÍÉÎ ὥὲέάὥὰώί

é

'05

( ),

( ),
ὅὛ

Ὓ ὅ

Ὕ
ί

░

̐̏̑̏̄ὥὲέάὥὰώ

░

ʈʘʟʤʝʪʢʘ

ʘʥʦʤʘʣʠʡ

'05

░

ʄʝʪʦʜ DiSSiD:

ʇʨʠʤʝʥʝʥʠʝʥʝʡʨʦʩʝʪʝʚʦʡ ʤʦʜʝʣʠ

éé
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ʄʝʪʦʜ DiSSiD: 
ʉʨʘʚʥʝʥʠʝ ʩ ʠʟʚʝʩʪʥʳʤʠ ʘʥʘʣʦʛʘʤʠ ʧʦ ʪʦʯʥʦʩʪʠ

VUS-PRᶰπȟρ:

ʙʦʣʴʰʝʝʟʥʘʯʝʥʠʝ 
ʦʟʥʘʯʘʝʪ ʙʦʣʝʝ
ʚʳʩʦʢʫʶ ʪʦʯʥʦʩʪʴ

ʈʷʜ SMD

ʈʷʜ Daphnet

ʈʷʜ ECG-2a

ʈʷʜ ECG-3ʈʷʜ MITDB

ʈʷʜ ECG-2b

ʄʝʪʦʜʳ ʙʝʟ ʫʯʠʪʝʣʷ ʄʝʪʦʜʳ ʙʝʟ ʫʯʠʪʝʣʷʄʝʪʦʜʳ ʩ ʯʘʩʪʠʯʥʳʤ 
ʧʨʠʚʣʝʯʝʥʠʝʤ ʫʯʠʪʝʣʷ

ʄʝʪʦʜʳ ʩ ʯʘʩʪʠʯʥʳʤ 
ʧʨʠʚʣʝʯʝʥʠʝʤ ʫʯʠʪʝʣʷ

0.49 0.78

0.80

0.81

0.51

0.37
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ʆʩʥʦʚʥʳʝ ʨʝʟʫʣʴʪʘʪʳ, ʚʳʥʦʩʠʤʳʝ ʥʘ ʟʘʱʠʪʫ

1. ɸʣʛʦʨʠʪʤ PD3 ʜʣʷ ʧʦʠʩʢʘ ʜʠʩʩʦʥʘʥʩʦʚ ʨʷʜʘ ʬʠʢʩʠʨʦʚʘʥʥʦʡ ʜʣʠʥʳʜʣʷ 

ʛʨʘʬʠʯʝʩʢʦʛʦ ʧʨʦʮʝʩʩʦʨʘ, ʢʦʪʦʨʳʡ ʩʫʱʝʩʪʚʝʥʥʦ ʦʧʝʨʝʞʘʝʪ ʠʟʚʝʩʪʥʳʝ ʘʥʘʣʦʛʠ 

(ʘʣʛʦʨʠʪʤ KBF_GPU ïʜʦ ʜʚʫʭ ʧʦʨʷʜʢʦʚ,  ʘʣʛʦʨʠʪʤ ɾʫ ʠ ʜʨ. ïʜʦ 5 ʨʘʟ)

2. ɸʣʛʦʨʠʪʤ PALMAD ʜʣʷ ʧʦʠʩʢʘ ʜʠʩʩʦʥʘʥʩʦʚ ʨʷʜʘ ʧʨʦʠʟʚʦʣʴʥʦʡʜʣʠʥrʜʣʷ 

ʛʨʘʬʠʯʝʩʢʦʛʦ ʧʨʦʮʝʩʩʦʨʘ, ʢʦʪʦʨʳʡ ʩʫʱʝʩʪʚʝʥʥʦ ʦʧʝʨʝʞʘʝʪ ʠʟʚʝʩʪʥʳʝ ʘʥʘʣʦʛʠ 

(ʘʣʛʦʨʠʪʤʳ KBF_GPU ʠ ɾʫ ʠ ʜʨ. ʜʦ ʜʚʫʭ ʧʦʨʷʜʢʦʚ) 

3. ɸʣʛʦʨʠʪʤ PADDi ʜʣʷ ʧʦʠʩʢʘ ʜʠʩʩʦʥʘʥʩʦʚ ʧʨʦʠʟʚʦʣʴʥʦʡʜʣʠʥʳ ʜʣʷ 

ʚʳʯʠʩʣʠʪʝʣʴʥʦʛʦ ʢʣʘʩʪʝʨʘ ʩ ʛʨʘʬʠʯʝʩʢʠʤʠ ʧʨʦʮʝʩʩʦʨʘʤʠ, ʢʦʪʦʨʳʡ 

ʧʦʢʘʟʳʚʘʝʪ ʫʩʢʦʨʝʥʠʝ, ʙʣʠʟʢʦʝ ʢ ʣʠʥʝʡʥʦʤʫ

4. ʅʝʡʨʦʩʝʪʝʚʘʷ ʤʦʜʝʣʴ DiSSiD ʠ ʤʝʪʦʜ ʧʦʠʩʢʘ ʘʥʦʤʘʣʠʡ ʚ ʧʦʪʦʢʦʚʳʭ ʜʘʥʥʳʭ 

ʥʘ ʦʩʥʦʚʝ ʨʘʟʨʘʙʦʪʘʥʥʳʭ ʘʣʛʦʨʠʪʤʦʚ ʧʦʠʩʢʘ ʜʠʩʩʦʥʘʥʩʦʚ, ʢʦʪʦʨʳʡ ʦʧʝʨʝʞʘʝʪ 

ʠʟʚʝʩʪʥʳʝ ʘʥʘʣʦʛʠ ʧʦ ʪʦʯʥʦʩʪʠ ʚ ʩʨʝʜʥʝʤ ʥʘ 10 %
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9. ʇʘɺʊô2020: ɺʩʝʨʦʩʩʠʡʩʢʘʷ ʥʘʫʯʥʘʷ ʢʦʥʬʝʨʝʥʮʠʷ ʩ ʤʝʞʜʫʥʘʨʦʜʥʳʤ ʫʯʘʩʪʠʝʤ çʇʘʨʘʣʣʝʣʴʥʳʝ ʚʳʯʠʩʣʠʪʝʣʴʥʳʝ 

ʪʝʭʥʦʣʦʛʠʠ 2020è, 31 ʤʘʨʪʘ ï2 ʘʧʨʝʣʷ 2020 ʛ., ʇʝʨʤʴ 32/30



ʉʚʠʜʝʪʝʣʴʩʪʚʘʦ ʨʝʛʠʩʪʨʘʮʠʠ ʧʨʦʛʨʘʤʤ

1. ʂʨʘʝʚʘ, ʗ.ɸ. DiSSiD: ʜʝʪʝʢʪʦʨ ʘʥʦʤʘʣʠʡ ʚʨʝʤʝʥʥʦʛʦ ʨʷʜʘ ʚ ʨʝʞʠʤʝ 

ʨʝʘʣʴʥʦʛʦ ʚʨʝʤʝʥʠ // ʉʚʠʜʝʪʝʣʴʩʪʚʦ ʈʦʩʧʘʪʝʥʪʘ ʦ ʛʦʩʫʜʘʨʩʪʚʝʥʥʦʡ 

ʨʝʛʠʩʪʨʘʮʠʠ ʧʨʦʛʨʘʤʤʳ ʜʣʷ ʕɺʄ ˉ 2023685034 ʦʪ 22.11.2023.

2. ʂʨʘʝʚʘ, ʗ.ɸ., ʎʳʤʙʣʝʨ,ʄ.ʃ. PALMAD: ʜʝʪʝʢʪʦʨ ʘʥʦʤʘʣʠʡ ʨʘʟʣʠʯʥʦʡ 

ʜʣʠʥʳ ʚʦ ʚʨʝʤʝʥʥʦʤ ʨʷʜʝ ʥʘ ʛʨʘʬʠʯʝʩʢʦʤ ʧʨʦʮʝʩʩʦʨʝ // ʉʚʠʜʝʪʝʣʴʩʪʚʦ 

ʈʦʩʧʘʪʝʥʪʘ ʦ ʛʦʩʫʜʘʨʩʪʚʝʥʥʦʡ ʨʝʛʠʩʪʨʘʮʠʠ ʧʨʦʛʨʘʤʤʳ ʜʣʷ ʕɺʄ 

ˉ 2022667716 ʦʪ 23.09.2022.
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ʉʦʦʪʚʝʪʩʪʚʠʝ ʧʘʩʧʦʨʪʫ ʩʧʝʮʠʘʣʴʥʦʩʪʠ

2.3.5 ʄʘʪʝʤʘʪʠʯʝʩʢʦʝ ʠ ʧʨʦʛʨʘʤʤʥʦʝ ʦʙʝʩʧʝʯʝʥʠʝ 

ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʩʠʩʪʝʤ, ʢʦʤʧʣʝʢʩʦʚ ʠ ʢʦʤʧʴʶʪʝʨʥʳʭ ʩʝʪʝʡ

4. ʀʥʪʝʣʣʝʢʪʫʘʣʴʥʳʝ ʩʠʩʪʝʤʳ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ, ʫʧʨʘʚʣʝʥʠʷ 

ʙʘʟʘʤʠ ʜʘʥʥʳʭ ʠ ʟʥʘʥʠʡ, ʠʥʩʪʨʫʤʝʥʪʘʣʴʥʳʝ ʩʨʝʜʩʪʚʘ ʨʘʟʨʘʙʦʪʢʠ 

ʮʠʬʨʦʚʳʭ ʧʨʦʜʫʢʪʦʚ

8. ʄʦʜʝʣʠ ʠ ʤʝʪʦʜʳ ʩʦʟʜʘʥʠʷ ʧʨʦʛʨʘʤʤ ʠ ʧʨʦʛʨʘʤʤʥʳʭ ʩʠʩʪʝʤ ʜʣʷ 

ʧʘʨʘʣʣʝʣʴʥʦʡ ʠ ʨʘʩʧʨʝʜʝʣʝʥʥʦʡ ʦʙʨʘʙʦʪʢʠ ʜʘʥʥʳʭ, ʷʟʳʢʠ ʠ 

ʠʥʩʪʨʫʤʝʥʪʘʣʴʥʳʝ ʩʨʝʜʩʪʚʘ ʧʘʨʘʣʣʝʣʴʥʦʛʦ ʧʨʦʛʨʘʤʤʠʨʦʚʘʥʠʷ
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ʅʘʫʯʥʘʷ ʥʦʚʠʟʥʘ

1. ʈʘʟʨʘʙʦʪʘʥ ʥʦʚʳʡ ʧʘʨʘʣʣʝʣʴʥʳʡ ʘʣʛʦʨʠʪʤ ʧʦʠʩʢʘ ʜʠʩʩʦʥʘʥʩʦʚ ʚʨʝʤʝʥʥʦʛʦ ʨʷʜʘ, ʠʤʝʶʱʠʭ 

ʬʠʢʩʠʨʦʚʘʥʥʫʶ ʜʣʠʥʫ, ʜʣʷ ʛʨʘʬʠʯʝʩʢʦʛʦ ʧʨʦʮʝʩʩʦʨʘ. ɺ ʦʪʣʠʯʠʝ ʦʪ ʠʟʚʝʩʪʥʳʭ ʘʥʘʣʦʛʦʚ, 

ʘʣʛʦʨʠʪʤ ʧʦʟʚʦʣʷʝʪ ʥʘʭʦʜʠʪʴʚʦ ʚʨʝʤʝʥʥʦʤ ʨʷʜʝ ʚʩʝ ʜʠʩʩʦʥʘʥʩʳ, ʢʦʪʦʨʳʝ ʠʤʝʶʪ ʟʘʜʘʥʥʫʶ 

ʜʣʠʥʫ.

2. ɺʧʝʨʚʳʝ ʨʘʟʨʘʙʦʪʘʥ ʧʘʨʘʣʣʝʣʴʥʳʡ ʘʣʛʦʨʠʪʤ ʧʦʠʩʢʘ ʜʠʩʩʦʥʘʥʩʦʚ ʚʨʝʤʝʥʥʦʛʦ ʨʷʜʘ, ʠʤʝʶʱʠʭ 

ʧʨʦʠʟʚʦʣʴʥʫʶ ʜʣʠʥʫ, ʜʣʷ ʛʨʘʬʠʯʝʩʢʦʛʦ ʧʨʦʮʝʩʩʦʨʘ. ɸʣʛʦʨʠʪʤ ʧʦʟʚʦʣʷʝʪ ʥʘʭʦʜʠʪʴ ʚʦ 

ʚʨʝʤʝʥʥʦʤ ʨʷʜʝ ʚʩʝ ʜʠʩʩʦʥʘʥʩʳ,ʢʦʪʦʨʳʝ ʠʤʝʶʪ ʜʣʠʥʫ ʚ ʟʘʜʘʥʥʦʤ ʜʠʘʧʘʟʦʥʝ.

3. ɺʧʝʨʚʳʝ ʨʘʟʨʘʙʦʪʘʥ ʧʘʨʘʣʣʝʣʴʥʳʡ ʘʣʛʦʨʠʪʤ ʧʦʠʩʢʘ ʜʠʩʩʦʥʘʥʩʦʚ ʚʨʝʤʝʥʥʦʛʦ ʨʷʜʘ, ʠʤʝʶʱʠʭ 

ʧʨʦʠʟʚʦʣʴʥʫʶ ʜʣʠʥʫ, ʜʣʷ ʚʳʩʦʢʦʧʨʦʠʟʚʦʜʠʪʝʣʴʥʦʛʦ ʚʳʯʠʩʣʠʪʝʣʴʥʦʛʦ ʢʣʘʩʪʝʨʘ ʩ ʛʨʘʬʠʯʝʩʢʠʤʠ 

ʧʨʦʮʝʩʩʦʨʘʤʠ. ɸʣʛʦʨʠʪʤ ʧʦʟʚʦʣʷʝʪ ʥʘʭʦʜʠʪʴ ʚʦ ʚʨʝʤʝʥʥʦʤ ʨʷʜʝ, ʢʦʪʦʨʳʡ ʥʝ ʤʦʞʝʪ ʙʳʪʴ

ʮʝʣʠʢʦʤ ʨʘʟʤʝʱʝʥ ʚ ʦʧʝʨʘʪʠʚʥʦʡ ʧʘʤʷʪʠ ʚʳʯʠʩʣʠʪʝʣʴʥʦʛʦ ʫʟʣʘ, ʚʩʝʜʠʩʩʦʥʘʥʩʳ, ʠʤʝʶʱʠʝ 

ʜʣʠʥʫ ʚ ʟʘʜʘʥʥʦʤ ʜʠʘʧʘʟʦʥʝ.

4. ʈʘʟʨʘʙʦʪʘʥ ʥʦʚʳʡ ʤʝʪʦʜ ʧʦʠʩʢʘ ʘʥʦʤʘʣʠʡ ʚ ʧʦʪʦʢʦʚʦʤ ʚʨʝʤʝʥʥʦʤ ʨʷʜʝ. ɺ ʦʪʣʠʯʠʝ ʦʪ ʠʟʚʝʩʪʥʳʭ 

ʘʥʘʣʦʛʦʚ, ʤʝʪʦʜ ʧʦʟʚʦʣʷʝʪ ʚʳʷʚʣʷʪʴ ʘʥʦʤʘʣʴʥʳʝ ʧʦʜʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦʩʪʠ ʨʷʜʘ, ʦʪʨʘʞʘʶʱʠʝ 

ʥʝʪʠʧʠʯʥʫʶ ʠ ʨʝʜʢʦ ʚʩʪʨʝʯʘʶʱʫʶʩʷ ʘʢʪʠʚʥʦʩʪʠ ʠʩʩʣʝʜʫʝʤʦʛʦ ʩʫʙʲʝʢʪʘ.35/30



ʊʝʦʨʝʪʠʯʝʩʢʘʷ ʠ ʧʨʘʢʪʠʯʝʩʢʘʷ ʟʥʘʯʠʤʦʩʪʴ

Åʊʝʦʨʝʪʠʯʝʩʢʘʷ ʮʝʥʥʦʩʪʴ ʜʠʩʩʝʨʪʘʮʠʦʥʥʦʡ ʨʘʙʦʪʳ ʩʦʩʪʦʠʪ ʚ ʪʦʤ, ʯʪʦ ʚ 
ʨʘʟʨʘʙʦʪʘʥʥʳʭ ʘʣʛʦʨʠʪʤʘʭ ʧʦʠʩʢʘ ʜʠʩʩʦʥʘʥʩʦʚ ʚʨʝʤʝʥʥʦʛʦ ʨʷʜʘ ʧʨʝʜʣʦʞʝʥʘ 
ʦʨʠʛʠʥʘʣʴʥʳʝ ʩʭʝʤʳ ʨʘʩʧʘʨʘʣʣʝʣʠʚʘʥʠʷ ʚʳʯʠʩʣʝʥʠʡ ʠ ʦʨʛʘʥʠʟʘʮʠʠ ʜʘʥʥʳʭ, 
ʢʦʪʦʨʳʝ ʦʙʝʩʧʝʯʠʚʘʶʪ ʩʦʢʨʘʱʝʥʠʝ ʠʟʙʳʪʦʯʥʳʭ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʦʧʝʨʘʮʠʡ ʠ 
ʩʫʱʝʩʪʚʝʥʥʦʝ ʫʚʝʣʠʯʝʥʠʝ ʙʳʩʪʨʦʜʝʡʩʪʚʠʷ ʧʦʠʩʢʘ

Åʇʨʘʢʪʠʯʝʩʢʘʷ ʮʝʥʥʦʩʪʴ ʜʠʩʩʝʨʪʘʮʠʦʥʥʦʡ ʨʘʙʦʪʳ ʟʘʢʣʶʯʘʝʪʩʷ ʚ ʪʦʤ, ʯʪʦ 
ʧʨʝʜʣʦʞʝʥʥʳʝ ʧʘʨʘʣʣʝʣʴʥʳʝ ʘʣʛʦʨʠʪʤʳ ʧʦʠʩʢʘ ʜʠʩʩʦʥʘʥʩʦʚ ʚʨʝʤʝʥʥʦʛʦ ʨʷʜʘ 
ʥʝ ʪʨʝʙʫʶʪ ʦʙʫʯʝʥʠʷ ʠ ʨʘʟʨʘʙʦʪʘʥʳ ʜʣʷ ʘʧʧʘʨʘʪʥʦʡ ʧʣʘʪʬʦʨʤʳ ʤʘʩʩʦʚʦ 
ʨʘʩʧʨʦʩʪʨʘʥʝʥʥʳʭ ʠ ʜʦʩʪʫʧʥʳʭ ʚ ʥʘʩʪʦʷʱʝʝ ʚʨʝʤʷ ʛʨʘʬʠʯʝʩʢʠʭ ʧʨʦʮʝʩʩʦʨʦʚ. 
ɺ ʩʠʣʫ ʵʪʦʛʦ ʨʝʟʫʣʴʪʘʪʳ ʠʩʩʣʝʜʦʚʘʥʠʷ ʤʦʛʫʪ ʙʳʪʴ ʧʨʠʤʝʥʝʥʳ ʜʣʷ 
ʵʬʬʝʢʪʠʚʥʦʛʦ ʧʦʠʩʢʘ ʘʥʦʤʘʣʠʡ ʚʦ ʚʨʝʤʝʥʥʳʭ ʨʷʜʘʭ ʰʠʨʦʢʦʛʦ ʩʧʝʢʪʨʘ 
ʧʨʝʜʤʝʪʥʳʭ ʦʙʣʘʩʪʝʡ ʧʨʠ ʤʠʥʠʤʘʣʴʥʦʤ ʫʯʘʩʪʠʠ ʘʥʘʣʠʪʠʢʘ-ʵʢʩʧʝʨʪʘ
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ʉʪʝʧʝʥʴ ʜʦʩʪʦʚʝʨʥʦʩʪʠ ʨʝʟʫʣʴʪʘʪʦʚ

Åʕʬʬʝʢʪʠʚʥʦʩʪʴ ʨʘʟʨʘʙʦʪʘʥʥʳʭ ʤʝʪʦʜʦʚ ʠ ʘʣʛʦʨʠʪʤʦʚ ʧʦʜʪʚʝʨʞʜʝʥʘ 
ʨʝʟʫʣʴʪʘʪʘʤʠ ʚʳʯʠʩʣʠʪʝʣʴʥʳʭ ʵʢʩʧʝʨʠʤʝʥʪʦʚ ʥʘʜ ʨʝʘʣʴʥʳʤʠ ʠ 
ʩʠʥʪʝʪʠʯʝʩʢʠʤʠ ʜʘʥʥʳʤʠ, ʧʨʦʚʝʜʝʥʥʳʤʠ ʚ ʩʦʦʪʚʝʪʩʪʚʠʠ ʩ 
ʦʙʱʝʧʨʠʥʷʪʳʤʠ ʩʪʘʥʜʘʨʪʘʤʠ 

Åʈʝʧʨʦʜʫʮʠʨʫʝʤʦʩʪʴ ʨʝʟʫʣʴʪʘʪʦʚ, ʧʦʣʫʯʝʥʥʳʭ ʚ ʠʩʩʣʝʜʦʚʘʥʠʠ, 
ʦʙʝʩʧʝʯʠʚʘʝʪʩʷ ʨʘʟʤʝʱʝʥʠʝʤ ʠʩʭʦʜʥʳʭ ʪʝʢʩʪʦʚ ʧʨʦʛʨʘʤʤ, 
ʨʝʘʣʠʟʫʶʱʠʭ ʧʨʝʜʣʦʞʝʥʥʳʝ ʨʘʟʨʘʙʦʪʢʠ, ʠ ʥʘʙʦʨʦʚ ʜʘʥʥʳʭ, ʩ 
ʢʦʪʦʨʳʤʠ ʧʨʦʚʝʜʝʥʳ ʚʳʯʠʩʣʠʪʝʣʴʥʳʝ ʵʢʩʧʝʨʠʤʝʥʪʳ, ʚ ʩʝʪʠ ʀʥʪʝʨʥʝʪ 
ʚ ʩʚʦʙʦʜʥʦ ʜʦʩʪʫʧʥʳʭ ʨʝʧʦʟʠʪʦʨʠʷʭ:
https://github.com/kraevaya/PD3
https://github.com/kraevaya/PALMAD
https://github.com/kraevaya/PADDi
https://github.com/kraevaya/DiSSiD
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ɸʢʪʫʘʣʴʥʦʩʪʴ 

ʟʘʜʘʯʠ ʧʦʠʩʢʘ ʘʥʦʤʘʣʠʡ ʚʦ ʚʨʝʤʝʥʥʳʭ ʨʷʜʘʭ

ʇʨʝʜʠʢʪʠʚʥʦʝ 

ʪʝʭʦʙʩʣʫʞʠʚʘʥʠʝ

ʀʥʪʝʨʥʝʪ 

ʚʝʱʝʡ

ʇʨʝʜʩʢʘʟʘʥʠʝ 

ʧʨʠʨʦʜʥʳʭ 

ʢʘʪʘʢʣʠʟʤʦʚ

ʇʝʨʩʦʥʘʣʴʥʘʷ 

ʤʝʜʠʮʠʥʘ

ʕʢʦʥʦʤʠʢʘ, ʙʠʟʥʝʩ,

ʬʠʥʘʥʩʳ

ɹʠʦ- ʠ ʭʝʤʦ-

ʠʥʬʦʨʤʘʪʠʢʘ

* Boniol P. et al. New trends in time-series anomaly detection. EDBTô2023. pp. 847-850. 

DOI: 10.48786/edbt.2023.80

ʇʦʧʫʣʷʨʥʦʩʪʴ ʟʘʧʨʦʩʦʚ Google 

çʧʦʠʩʢ ʘʥʦʤʘʣʠʡè ʧʦ ʚʠʜʘʤ ʜʘʥʥʳʭ*

ʚʨʝʤʝʥʥʳʝ ʨʷʜʳ

ʠʟʦʙʨʘʞʝʥʠʷ

ʪʝʢʩʪ

ʚʠʜʝʦ
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ʈʘʩʧʨʦʩʪʨʘʥʝʥʥʦʩʪʴ

ʢʣʘʩʪʝʨʦʚ ʩ ʛʨʘʬʠʯʝʩʢʠʤʠ ʧʨʦʮʝʩʩʦʨʘʤʠ

Top50 ʚʳʩʦʢʦʧʨʦʠʟʚʦʜʠʪʝʣʴʥʳʭ ʩʠʩʪʝʤ ʈʦʩʩʠʠ:https://top50.supercomputers.ru/

ʅʘʣʠʯʠʝ ʫʩʢʦʨʠʪʝʣʝʡ ʥʘ ʫʟʣʝ
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ʀʟʚʝʩʪʥʳʝ ʘʣʛʦʨʠʪʤʳ ʧʦʠʩʢʘ ʜʠʩʩʦʥʘʥʩʦʚ

ɸʣʛʦʨʠʪʤ ʇʣʘʪʬʦʨʤʘ ʆʩʦʙʝʥʥʦʩʪʠ ʂʨʠʪʠʢʘ

ʇ
ʦ
ʩ
ʣ
ʝ
ʜ
ʦ
ʚ
ʘ
ʪ
ʝ
ʣ
ʴ
ʥ
ʳ
ʝ

HOTSAX: Keogh E.et al. HOT SAX: efficiently finding the most unusual time 

series subsequence. IEEE ICDM 2005. pp.226-233.

CPU

Åɺʚʝʜʝʥʠʝ ʧʦʥʷʪʠʷ ʜʠʩʩʦʥʘʥʩʘÅʇʨʠʙʣʠʞʝʥʥʳʡ ʧʦʠʩʢ 

ʜʠʩʩʦʥʘʥʩʦʚ

DRAG: YankovD. et al. Disk aware discord discovery: finding unusual time 

series in terabyte sized datasets. Knowl. Inf. Syst. 17(2): 241-262. 2008.

Åɺʚʝʜʝʥʠʝ ʧʦʥʷʪʠʷ ʜʠʘʧʘʟʦʥʥʦʛʦ 

ʜʠʩʩʦʥʘʥʩʘ

Åʊʦʯʥʳʡ ʧʦʠʩʢ ʜʠʩʩʦʥʘʥʩʦʚ 

ʬʠʢʩʠʨʦʚʘʥʥʦʡ ʜʣʠʥʳ

Åʈʫʯʥʦʡ ʧʦʜʙʦʨ ʧʦʨʦʛʘ ʠ ʜʣʠʥʳ 

ʜʠʩʩʦʥʘʥʩʘ

MERLIN : Nakamura T. et al. MERLIN: parameter-free discovery of arbitrary 

length anomalies in massive time series archives. IEEE ICDM 2020. pp. 1190-1195.

Åʇʦʠʩʢ ʜʠʩʩʦʥʘʥʩʦʚ ʧʨʦʠʟʚʦʣʴʥʦʡ 

ʜʣʠʥʳ

Åʀʟʙʳʪʦʯʥʳʝʚʳʯʠʩʣʝʥʠʷ

ʇ
ʘ
ʨ
ʘ
ʣ
ʣ
ʝ
ʣ
ʴ
ʥ
ʳ
ʝ MDD: ʎʳʤʙʣʝʨ ʄ.ʃ. ʇʘʨʘʣʣʝʣʴʥʳʡ ʘʣʛʦʨʠʪʤ ʧʦʠʩʢʘ ʜʠʩʩʦʥʘʥʩʦʚ 

ʚʨʝʤʝʥʥʦʛʦ ʨʷʜʘ ʜʣʷ ʤʥʦʛʦʷʜʝʨʥʳʭ ʫʩʢʦʨʠʪʝʣʝʡ. ɺʳʯ. ʤʝʪʦʜʳ ʠ ʧʨʦʛʨ. 20(3): 

211-223. 2019.

Intel MIC, 

GPU

Åʈʘʟʜʝʣʴʥʦʝ ʨʘʩʧʘʨʘʣʣʝʣʠʚʘʥʠʝ 

ʮʠʢʣʦʚ ʧʝʨʝʙʦʨʘ 

ʧʦʜʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦʩʪʝʡ 

Åʇʨʠʙʣʠʞʝʥʥʳʡ ʧʦʠʩʢ 

ʜʠʩʩʦʥʘʥʩʦʚ

MR-DRAG: Yankov D. et al. Disk aware discord discovery: finding unusual 

time series in terabyte sized datasets. Knowl. Inf. Syst. 17(2): 241-262. 2008.
CPU Åʉʠʤʫʣʷʮʠʷ MapReduceÅʅʝʪ ʨʝʘʣʴʥʦʡ ʨʝʘʣʠʟʘʮʠʠ

PDD: Huang T. et al. Parallel discord discovery. PAKDD 2016. LNCS 9652. 

Springer, 2016. pp. 233-244.
Spark

Åʇʘʨʘʜʠʛʤʘçʤʘʩʪʝʨ-ʨʘʙʦʯʠʝèÅɹʦʣʴʰʦʝ ʢʦʣʠʯʝʩʪʚʦ ʦʙʤʝʥʦʚ 

ʤʝʞʜʫ ʫʟʣʘʤʠ

PhiDD: Zymbler M. et al. A Parallel Approach toDiscords Discovery in 

Massive Time Series Data.Computers, Materials & Continua 66(2): 1867-1876. 

2021.

ʂʣʘʩʪʝʨ 

Intel MIC

Åʄʘʪʨʠʯʥʦ-ʚʝʢʪʦʨʥʳʝ ʩʪʨʫʢʪʫʨʳ 

ʜʘʥʥʳʭ

Åʂʚʘʜʨʘʪʠʯʥʘʷ ʧʨʦʩʪʨʘʥʩʪʚʝʥʥʘʷ 

ʩʣʦʞʥʦʩʪʴ ʦʪ ʜʣʠʥʳ ʨʷʜʘ

ɾʫ ʠ ʜʨ.:Zhu B. et al. A GPU Acceleration framework for motif and discord 

based pattern mining. IEEE Trans. on Paral. and Distr. Systems 32(8): 1987-2004. 

2021.
GPU

Åɺʳʯʠʩʣʠʪʝʣʴʥʳʝʰʘʙʣʦʥʳ Åʇʦʠʩʢ ʦʜʥʦʛʦ (ʩʘʤʦʛʦ ʚʘʞʥʦʛʦ) 

ʜʠʩʩʦʥʘʥʩʘ ʨʷʜʘ

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.

Åɺʚʝʜʝʥʠʝʧʦʥʷʪʠʷ 

ὑ-ʜʠʩʪʘʥʮʠʦʥʥʦʛʦ ʜʠʩʩʦʥʘʥʩʘ

Åʇʦʣʥʳʡʧʝʨʝʙʦʨ 

ʧʦʜʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦʩʪʝʡ ʨʷʜʘ
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ʄʝʪʦʜʳ ʤʘʰʠʥʥʦʛʦ ʦʙʫʯʝʥʠʷ (ʠʟʚʝʩʪʥʳʝ ʘʥʘʣʦʛʠ)
ʄʝʪʦʜ ʂʣʶʯʝʚʘʷʠʜʝʷ ʆʧʠʩʘʥʠʝ

ɹ
ʝ
ʟʫ
ʯ
ʠ
ʪ
ʝ
ʣ
ʷ

IForest: Liu F.T. etal. Isolation Forest. ICDM 2008. P. 413ï422.
ʇʦʩʪʨʦʝʥʠʝʜʝʨʝʚʘ 

ʨʝʰʝʥʠʡ
ʈʘʟʜʝʣʝʥʠʷ ʧʨʦʩʪʨʘʥʩʪʚʘ ʧʨʠʟʥʘʢʦʚ

LOF: BreunigM.M. etal. LOF: Identifying Density-Based Local Outliers. SIGMOD 2000. P. 

93ï104.

ʇʦʩʪʨʦʝʥʠʝ ʜʝʨʝʚʘ 

ʨʝʰʝʥʠʡ

ɺʳʯʠʩʣʝʥʠʝ ʦʪʥʦʰʝʥʠʷ ʣʦʢʘʣʴʥʦʡ ʧʣʦʪʥʦʩʪʠ ʦʙʨʘʟʮʘ ʢ 

ʣʦʢʘʣʴʥʦʡ ʧʣʦʪʥʦʩʪʠʩʦʩʝʜʝʡ

MP: YehC.M. et al. Time series joins, motifs, discordsand shapelets: A unifying view that 

exploits the matrix profile. DataMin. Knowl. Discov. 32(1): 83ï123.2018. ɺʳʯʠʩʣʝʥʠʝ 

ʨʘʩʩʪʦʷʥʠʷ
ɺʳʯʠʩʣʝʥʠʝ ʤʘʪʨʠʯʥʦʛʦ ʧʨʦʬʠʣʷʨʷʜʘ

DAMP: Lu Y. et al. DAMP: accurate time series anomalydetection on trillions of datapoints

and ultra-fast arriving data streams. Data Min. Knowl. Discov. 37(2): 627ï669. 2023.

NormA: Boniol P. et al. Unsupervised and scalable subsequenceanomaly detection in large 

data series. VLDB J. 30(6): 909ï931. 2021. 
ʂʣʘʩʪʝʨʠʟʘʮʠʷʇʦʠʩʢ ʥʦʨʤʘʣʴʥʳʭ ʰʘʙʣʦʥʦʚ ʨʷʜʘ

PCA: Aggarwal C.C. Outlier Analysis. 2st. Springer Cham, 2017. ɺʦʩʩʪʘʥʦʚʣʝʥʠʝ
ʇʨʦʝʮʠʨʦʚʘʥʠʝ ʜʘʥʥʳʭ ʥʘ ʛʠʧʝʨʧʣʦʩʢʦʩʪʴ ʤʝʥʴʰʝʡ 

ʨʘʟʤʝʨʥʦʩʪʠ

POLY: Li Z. etal. A Unifying Method for Outlier and Change Detectionfrom Data Streams 

Based on Local Polynomial Fitting. PAKDD 2007. P. 150ï161. 
ʇʨʦʛʥʦʟʠʨʦʚʘʥʠʝʇʦʣʠʥʦʤʠʘʣʴʥʘʷ ʘʧʧʨʦʢʩʠʤʘʮʠʷ

ʉ
 
ʯ
ʘ
ʩ
ʪ
ʠ
ʯ
ʥ
ʳ
ʤ
 
ʧ
ʨ
ʠ
ʚ
ʣ
ʝ
ʯ
ʝ
ʥ
ʠ
ʝ
ʤ

ʫ
ʯ
ʠ
ʪ
ʝ
ʣ
ʷ

AE: Sakurada M.etal. Anomaly Detection Using Autoencoderswith Nonlinear Dimensionality 

Reduction.MLSDA 2014. P. 4.
ɺʦʩʩʪʘʥʦʚʣʝʥʠʝ

ɸʚʪʦʢʦʜʠʨʦʚʱʠʢ, ʛʜʝ ʵʥʢʦʜʝʨʠ ʜʝʢʦʜʝʨ ïʤʥʦʛʦʩʣʦʡʥʳʝ 

ʧʝʨʮʝʧʪʨʦʥʳ

Bagel: Li Z., Chen W., Pei D. Robust and Unsupervised KPI Anomaly Detection

Based on Conditional VariationalAutoencoder. IPCCC 2018. P. 1ï9.
ɺʦʩʩʪʘʥʦʚʣʝʥʠʝʋʩʣʦʚʥʳʡʚʘʨʠʘʮʠʦʥʥʳʡ ʘʚʪʦʢʦʜʠʨʦʚʱʠʢ

DeepAnT: Munir M.et al. DeepAnT: A Deep Learning Approach for Unsupervised Anomaly 

Detection in Time Series.IEEE Access 7:1991-2005.2019.
ʇʨʦʛʥʦʟʠʨʦʚʘʥʠʝʉʚʝʨʪʦʯʥʘʷ ʥʝʡʨʦʩʝʪʴ

IE-CAE: Garcia G.R. et al. Temporal signals to images:Monitoring the condition of industrial assets 

with deep learning imageprocessing algorithms. Journal of Risk and Reliability 236(4): 617ï627.2022.
ɺʦʩʩʪʘʥʦʚʣʝʥʠʝʋʩʣʦʚʥʳʡ ʚʘʨʠʘʮʠʦʥʥʳʡ ʘʚʪʦʢʦʜʠʨʦʚʱʠʢ

LSTM -AD: Malhotra P., etal. Long Short Term Memory Networks for Anomaly Detection 

in Time Series.ESANN 2015.
ʇʨʦʛʥʦʟʠʨʦʚʘʥʠʝʈʝʢʫʨʨʝʥʪʥʘʷ ʥʝʡʨʦʩʝʪʴLSTM

OceanWNN: Wang Y. et al. Study on wavelet neural network basedanomaly detection in 

ocean observing data series. Ocean Engineering 186: 106129. 2019.
ʇʨʦʛʥʦʟʠʨʦʚʘʥʠʝɺʝʡʚʣʝʪ-ʥʝʡʨʦʥʥʘʷ ʩʝʪʴ

OCSVM: SchºlkopfB. et al. Support Vector Methodfor Novelty Detection. Advances in 

Neural Information Processing Systems12: 582ï588.1999.

ʈʘʩʧʨʝʜʝʣʝʥʠʝ 

ʚʝʨʦʷʪʥʦʩʪʠ

ʇʦʩʪʨʦʝʥʠʝ ʛʠʧʝʨʧʣʦʩʢʦʩʪʠ, ʨʘʟʜʝʣʷʶʱʝʡ ʥʦʨʤʘʣʴʥʳʝ

ʜʘʥʥʳʝ ʦʪ ʘʥʦʤʘʣʴʥʳʭ ʚ ʧʨʦʩʪʨʘʥʩʪʚʝ ʧʨʠʟʥʘʢʦʚ

TAnoGAN: Bashar M.A., etal. TAnoGAN: Time Series Anomaly Detection with Generative 

Adversarial Networks.SSCI 2020. P. 1778-1785.
ɺʦʩʩʪʘʥʦʚʣʝʥʠʝ

ʅʝʡʨʦʩʝʪʴ GAN, ʛʜʝ ʛʝʥʝʨʘʪʦʨ ʠ ʜʠʩʢʨʠʤʠʥʘʪʦʨ ï

ʨʝʢʫʨʨʝʥʪʥʳʝ ʥʝʡʨʦʩʝʪʠ LSTM41/30



ʇʦʥʷʪʠʝ ʘʥʦʤʘʣʠʠ ʚʨʝʤʝʥʥʦʛʦ ʨʷʜʘ

ʊʦʯʝʯʥʘʷ ʘʥʦʤʘʣʠ ɸ̫ʥʦʤʘʣʴʥʘʷ ʧʦʜʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦʩʪʴ

ʈ̫ ʜ ╣ ʈ̫ ʜ ╣

╣░

╣░ȟ□

ʈʘʩʧʨʝʜʝʣʝʥʠʝ 

ʜʘʥʥʳʭ

ʈʘʩʧʨʝʜʝʣʝʥʠʝ 

ʜʘʥʥʳʭ

Blazquez-GarcaA., et al. A review on outlier/anomaly detection in time series data. ACM Comput. Surv. 54(3), 56:1-56:33 (2021). https://doi.org/10.1145/3444690 
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ɸʥʦʤʘʣʴʥʘʷ ʧʦʜʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦʩʪʴ: ʬʦʨʤʘʣʠʟʘʮʠʷ

ʀʩʪʦʯʥʠʢ ʊʝʨʤʠʥ

Knorr E., Ng N. Finding intentional knowledge of 

distance-based outliers. VLDB 1999. pp. 211ï222.

Outliers are the data points for which there are fewer than other 

data points within distance .
RamaswamyS.,et al. Efficient algorithms for 

mining outliers from large dataset. SIGMOD 2000. 

pp. 427ï438.

Outliers are the top data points whose distance to their -th

nearest neighbor is greatest.

Angiulli F., PizzutiC. Fast outlier detection in high 

dimensional spaces. PKDD 2002. pp.15ï26.

Outliers are the top data points whose average distance to their 

nearest neighbors is greatest.
Keogh E., et al.HOT SAX: Efficiently finding the 

most unusual time series subsequence. ICDM 

2005. pp. 226ï233.

Discord in a time seriesis a subsequence of length whose 

distance to its nearest non-self match neighbor is greatest. 

Yankov D., et al. Disk aware discord discovery: 

finding unusual time series in terabyte sized 

datasets. KAIS 2008. Vol. 17, no. 2. P.241ï262.

Range discord in a time seriesis a subsequence of length whose 

distance to its nearest non-self match neighbor is at least ὶ.

ɼʠʩʩʦʥʘʥʩʳïʦʜʠʥ ʠʟ ʣʫʯʰʠʭ ʧʦʜʭʦʜʦʚ ʢ ʧʦʠʩʢʫ ʘʥʦʤʘʣʠʡ ʚʨʝʤʝʥʥʳʭ ʨʷʜʦʚ
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ɿʘʜʘʯʘ ʧʦʠʩʢʘ ʜʠʩʩʦʥʘʥʩʦʚ ʬʠʢʩʠʨʦʚʘʥʥʦʡ ʜʣʠʥʳ

Ὠ Ὠί

ά ά ά ά

ί

ά

ί

ɺʨʝʤʝʥʥʦʡ ʨʷʜ ╣
╣ ▪

Åɼʠʩʩʦʥʘʥʩ1) ïʧʦʜʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦʩʪʴ ʨʷʜʘ, ʨʘʩʩʪʦʷʥʠʝ ʦʪ ʢʦʪʦʨʦʡ ʜʦ ʥʘʠʙʦʣʝʝ ʧʦʭʦʞʝʡ ʥʘ ʥʝʝ 

ʧʦʜʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦʩʪʠ ʥʝ ʥʠʞʝ ʟʘʜʘʥʥʦʛʦ ʧʦʨʦʛʘ ὶ

Åɼʘʥʦ:ʚʨʝʤʝʥʥʦʡ ʨʷʜ Ὕ, ʜʣʠʥʘ ʜʠʩʩʦʥʘʥʩʘ ά, ʧʦʨʦʛ ὶ

Åʅʘʡʪʠ:Ὀ ὨȟὨȟȣ , 

Ὠᶰ꜠ᵾ ίᶅɴ ὝÍÉÎ
᷊ ᶮ

$ÉÓÔὨȟί ὶ

1) Yankov D., Keogh E.J., Rebbapragada U. Disk aware discord discovery: finding unusual time series in terabyte sized datasets. Knowl. Inf. Syst. 2008. Vol. 17, no. 2. P. 241ï262.

ʇʦʜʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦʩʪʴ ▼
▼ □

ʂʦʣʠʯʝʩʪʚʦ ʧʦʜʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦʩʪʝʡ ίʜʣʠʥʳ άʚ ʨʷʜʝ Ὕʜʣʠʥʳ ὲ: ὔ ὲ ά ρ
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ʈʘʟʨʘʙʦʪʘʥʥʳʝ ʧʘʨʘʣʣʝʣʴʥʳʝ ʘʣʛʦʨʠʪʤʳ 

ʧʦʠʩʢʘ ʜʠʩʩʦʥʘʥʩʦʚ

ʇʦʩʣʝʜʦʚʘʪʝʣʴʥʳʝ

ʘʣʛʦʨʠʪʤʳ

ʇʘʨʘʣʣʝʣʴʥʳʝʘʣʛʦʨʠʪʤʳ

GPU ʂʣʘʩʪʝʨ ʩ GPU-ʫʟʣʘʤʠ

ʇʦʠʩʢ ʜʠʩʩʦʥʘʥʩʦʚ 

ʬʠʢʩʠʨʦʚʘʥʥʦʡ

ʜʣʠʥʳ

DRAG1) PD3
Parallel DRAG-based

Discord Discovery

ʇʦʠʩʢʜʠʩʩʦʥʘʥʩʦʚ 

ʧʨʦʠʟʚʦʣʴʥʦʡ

ʜʣʠʥʳ

MERLIN2) PALMAD
Parallel All -Length 

MERLIN-based 

Anomaly Discovery

PADDi
PALMAD -based 

Anomaly Discovery 

on Distributed GPUs

Åʆʧʪʠʤʠʟʘʮʠʷ ʚʳʯʠʩʣʝʥʠʷ ʨʘʩʩʪʦʷʥʠʡ

Åʇʨʠʤʝʥʝʥʠʝ %$

Åʉʦʢʨʘʱʝʥʠʝ ʠʟʙʳʪʦʯʥʳʭ ʚʳʯʠʩʣʝʥʠʡ

Åʊʝʧʣʦʚʘʷ ʢʘʨʪʘ ʜʠʩʩʦʥʘʥʩʦʚ

1) YankovD. et al. Disk awarediscorddiscovery: finding unusualtime seriesin terabytesizeddatasets. Knowl. Inf. Syst. 17(2): 241-262. 2008.
2) Nakamura T. et al. MERLIN: parameter-free discovery of arbitrary length anomalies in massive time series archives. IEEE ICDM 2020. pp. 1190-1195

Åʆʙʨʘʙʦʪʢʘ ʚʨʝʤʝʥʥʳʭ 

ʨʷʜʦʚ, ʥʝ ʧʦʤʝʱʘʶʱʠʭʩʷ 

ʚ ʦʧʝʨʘʪʠʚʥʫʶ ʧʘʤʷʪʴ 

ʫʟʣʘ
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ɸʣʛʦʨʠʪʤ DRAG: 

ʆʪʙʦʨ ʢʘʥʜʠʜʘʪʦʚ

◌○ ● ◐ ◑

╣

$ÉÓÔ◌ȟ○ ὶ

רּ ○

רּ ○ȟ◌

ḧרּ Ὕȟ
while not%/&╣
2ÅÁÄ╣ȟί
ὭίὅὥὲὨḊ 425%
for eachὧᶰּרand ί᷊ ὧ ᶮ

if $ÉÓÔίȟὧ ὶthen

רḧּרּ ὧʌ; ὭίὅὥὲὨḧ&!,3%
if ὭίὅὥὲὨ425%thenּרḧּ᷾רί
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◌○ ● ◐ ◑

╣

ɸʣʛʦʨʠʪʤ DRAG: 

ʆʪʙʦʨ ʢʘʥʜʠʜʘʪʦʚ

$ÉÓÔ●ȟ○ ὶ

רּ ○ȟ◌

רּ ◌

$ÉÓÔ●ȟ◌ ὶ

ḧרּ Ὕȟ
while not%/&╣
2ÅÁÄ╣ȟί
ὭίὅὥὲὨḊ 425%
for eachὧᶰּרand ί᷊ ὧ ᶮ

if $ÉÓÔίȟὧ ὶthen

רḧּרּ ὧʌ; ὭίὅὥὲὨḧ&!,3%
if ὭίὅὥὲὨ425%thenּרḧּ᷾רί
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ɸʣʛʦʨʠʪʤ DRAG: 

ʆʪʙʦʨ ʢʘʥʜʠʜʘʪʦʚ

$ÉÓÔ◑ȟ◌ ὶ

רּ ◌ȟ◐

רּ ◌ȟ◐ȟ◑

$ÉÓÔ◑ȟ◐ ὶ

◌○ ● ◐ ◑

╣

ḧרּ Ὕȟ
while not%/&╣
2ÅÁÄ╣ȟί
ὭίὅὥὲὨḊ 425%
for eachὧᶰּרand ί᷊ ὧ ᶮ

if $ÉÓÔίȟὧ ὶthen

רḧּרּ ὧʌ; ὭίὅὥὲὨḧ&!,3%
if ὭίὅὥὲὨ425%thenּרḧּ᷾רί
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◌○ ● ◐ ◑

╣

ɸʣʛʦʨʠʪʤ DRAG: 

ʆʯʠʩʪʢʘ ʢʘʥʜʠʜʘʪʦʚ

$ÉÓÔ○ȟ◌ ὶ

שּ ◌ȟ◐ȟᾀ

שּ ◌ȟ◐

$ÉÓÔ○ȟ◑ ὶ

$ÉÓÔ○ȟ◐ ὶ

רḧּשּ
while not%/&╣
2ÅÁÄ╣ȟί
for eachὨᶰּשand ί᷊ Ὠ ᶮ

if $ÉÓÔίȟὨ ὶthen

שḧּשּ Ὠʌ
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◌○ ● ◐ ◑

╣

ɸʣʛʦʨʠʪʤ DRAG: 

ʆʯʠʩʪʢʘ ʢʘʥʜʠʜʘʪʦʚ

שּ ◌ȟ◐

שּ ◌ȟ◐

$ÉÓÔ◑ȟ◐ ὶ

$ÉÓÔ◑ȟ◌ ὶ

רḧּשּ
while not%/&╣
2ÅÁÄ╣ȟί
for eachὨᶰּשand ί᷊ Ὠ ᶮ

if $ÉÓÔίȟὨ ὶthen

שḧּשּ Ὠʌ
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ɸʣʛʦʨʠʪʤ PD3: 

ʉʨʘʚʥʝʥʠʝ ʩ ʠʟʚʝʩʪʥʳʤʠ ʘʥʘʣʦʛʘʤʠ

ʉʨʘʚʥʝʥʠʝ ʩ KBF_GPU
(NVIDIA TeslaV100, ʅʝʡʨʦʢʦʤʧʴʶʪʝʨ, ʖʋʨɻʋ)

ʉʨʘʚʥʝʥʠʝ ʩ ʘʣʛʦʨʠʪʤʦʤ ɾʫʠ ʜʨ.
(NVIDIA Tesla P100, ʃʦʤʦʥʦʩʦʚ-2, ʄɻʋ)
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ɸʣʛʦʨʠʪʤʳ PALMAD ʠ PD3

□ □░▪╛

ὶN ςάὭὲὒ ɺʳʯʠʩʣʝʥʠʝ ‘ʠ „ ὶN πȢυɇὶ

꜠ᴺ꜠᷾Ὀ
ʠʥʘʯʝ

for each□ᶰ□░▪╛ ȟȣȟ□░▪╛

for each□ᶰ□░▪╛ ȟȣȟ□╪●╛

ὶN πȢωωẗὨὭίὸ ʆʙʥʦʚʣʝʥʠʝ ‘ʠ „

ɼʠʩʩʦʥʘʥʩʳ

ʥʝ ʥʘʡʜʝʥʳ

PD3 ὶN πȢωωɇὶ

ʠʥʘʯʝ

ɼʠʩʩʦʥʘʥʩʳ

ʥʝ ʥʘʡʜʝʥʳ 

꜠ᴺ꜠᷾Ὀ

‘ᴺ-ÅÁÎὨὭίὸ

„ᴺ3ÔÄὨὭίὸ

ὶN ‘ ςẗ„

ʆʙʥʦʚʣʝʥʠʝ ‘ʠ „ PD3 ὶN ‘ „

ʠʥʘʯʝ

ɼʠʩʩʦʥʘʥʩʳ

ʥʝ ʥʘʡʜʝʥʳ

꜠ᴺ꜠᷾Ὀ

ʀʥʠʮʠʘʣʠʟʘʮʠʷ 

ʧʦʨʦʛʘ►
ʇʨʝʜʦʙʨʘʙʦʪʢʘ

PD3

ʇʦʜʙʦʨ 

ʧʦʨʦʛʘ►
ïCPU

ïGPUʇʦʠʩʢ 

ʜʠʩʩʦʥʘʥʩʦʚ
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ʊʝʧʣʦʚʘʷ ʢʘʨʪʘ ʜʠʩʩʦʥʘʥʩʦʚ

PALMAD

é

╓□░▪╛

╓□╪●╛

╓□

Ὥ Ὦ

Ὕȟ

Ὕȟ

%$ ρχȢω

%$ σχȢτ

é

ɸʚʪʦʤʘʪ.

ʧʦʠʩʢ

ʜʠʩʩʦʥʘʥʩʦʚ

ʅʦʨʤʘʣʠ

ʟʘʮʠʷ

ɺʠʟʫʘʣʠʟʘʮʠʷ 

(ʨʘʩʩʪʦʷʥʠʝ ʷʨʢʦʩʪʴ)

άὥὼὒ

άὭὲὒ

ὓὓὖάȟὭ
%$ ὝȟȟὔὔȟὝȟ Ὀɴ

πȟέὸὬὩὶύὭίὩ

é

Ὕȟ

Ὕȟ

%$ πȢπω

é

%$ πȢρψ

╓□

╓□░▪╛

╓□╪●╛

é ὮὭ

ὓὓὖ άȟὭ
ὓὓὖάȟὭ

ςά
ʄʘʪʨʠʮʘ ʧʨʦʬʠʣʝʡ 

╜╜╟ɴ ᴙ

ʈʷʜ ╣

ʊʝʧʣʦʚʘʷ ʢʘʨʪʘ

▐▄╪◄□╪▬

ʅʦʨʤʘʣʠʟʦʚʘʥʥʘʷ 

ʤʘʪʨʠʮʘ ʧʨʦʬʠʣʝʡ 

╜╜╟▪▫►□ɴᴙ
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ʈʘʥʞʠʨʦʚʘʥʠʝ ʜʠʩʩʦʥʘʥʩʦʚ
ʈʷʜ ╣

ÍÁØ ὬὩὥὸάὥὴάȟὭ

ÍÁØÍÁØ ÍÁØ

ɼʝʥʴ ʧʝʨʝʭʦʜʘ 
ʥʘ ʟʠʤʥʝʝ ʚʨʝʤʷ

ɼʝʥʴ 

ʙʣʘʛʦʜʘʨʝʥʠʷ
ɼʝʥʴ 
ʂʦʣʫʤʙʘ

Top-1 ʜʠʩʩʦʥʘʥʩ, □

%$ πȢυς %$ πȢσχ

Top-3 ʜʠʩʩʦʥʘʥʩ, □Top-2 ʜʠʩʩʦʥʘʥʩ, □

%$ πȢτσ

άὥὼὒ

άὭὲὒ

ʊʝʧʣʦʚʘʷ ʢʘʨʪʘ

▐▄╪◄□╪▬

╢╬▫►▄▼
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ɺʳʷʚʣʝʥʠʝ ʘʥʦʤʘʣʠʡ ʚ ʤʘʰʠʥʦʩʪʨʦʝʥʠʠ

ʇʨʠʤʝʨʳ ʥʘʡʜʝʥʥʳʭ ʘʥʦʤʘʣʠʡ ʜʣʠʪʝʣʴʥʦʩʪʴʶ0.25-0.5 ʩʝʢʫʥʜ

ɼʝʬʦʨʤʘʮʠʠ ʫʟʣʘ ʩʮʝʧʢʠ ʚʘʛʦʥʦʚ ʪʨʘʤʚʘʷ (ʯʘʩʪʦʪʘ 4 096 ʨʘʟ ʚ ʩʝʢ) ʟʘ 1.5 ʤʠʥʫʪʳ 

Top-1: ά ςπτψ(0.5 ʩ) Top-5: ά ρψυς(0.45 ʩ) Top-6: ά ρχυφ(0.43 ʩ)

ʊʝʧʣʦʚʘʷ ʢʘʨʪʘ ʘʥʦʤʘʣʠʡ
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ɺʳʷʚʣʝʥʠʝ ʘʥʦʤʘʣʠʡ ʚ ʤʝʪʘʣʣʫʨʛʠʠ

ɸʥʦʤʘʣʴʥʳʝ ʥʘʧʨʷʞʝʥʠʷ ʧʣʠʪ

ʌʘʢʪʠʯʝʩʢʦʝ ʠʟʛʠʙʘʶʱʝʝ ʫʩʠʣʠʝ ʧʨʦʢʘʪʢʠ

Top-3: ά ςψωψ(48 ʤʠʥ. 18 ʩ) Top-5: ά σστυ(55 ʤʠʥ. 45 c) Top-7: ά συχφ(59 ʤʠʥ. 36 c)

ʊʝʧʣʦʚʘʷ ʢʘʨʪʘ ʘʥʦʤʘʣʠʡ

ʇʨʠʤʝʨʳ ʥʘʡʜʝʥʥʳʭ ʘʥʦʤʘʣʠʡ ʜʣʠʪʝʣʴʥʦʩʪʴʶ30 ʤʠʥ. ï1 ʯʘʩ
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ɺʳʷʚʣʝʥʠʝ ʘʥʦʤʘʣʠʡ ʚ ʀʥʪʝʨʥʝʪʝ ʚʝʱʝʡ

ʇʨʠʤʝʨʳ ʥʘʡʜʝʥʥʳʭ ʘʥʦʤʘʣʠʡ ʜʣʠʪʝʣʴʥʦʩʪʴʶ 0.5-2 ʩʫʪʦʢ

ʊʝʤʧʝʨʘʪʫʨʘ ʚ ʧʦʤʝʱʝʥʠʠ (ʯʘʩʪʦʪʘ 4 ʨʘʟʘ ʚ ʯʘʩ)

Top-1: ά ςυψ(2 ʜ. 16 ʯ. 30 ʤʠʥ.) Top-3: ά ρςς(1 ʜ. 6 ʯ. 30 ʤʠʥ.) Top-6: ά ρρσ(1 ʜ. 4 ʯ. 15 ʤʠʥ.)

ʊʝʧʣʦʚʘʷ ʢʘʨʪʘ ʘʥʦʤʘʣʠʡ
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ɸʣʛʦʨʠʪʤ PALMAD: 

ʉʨʘʚʥʝʥʠʝ ʩ ʘʣʛʦʨʠʪʤʦʤ KBF_GPU

Thuy T.T.H. et al. A new discord definitionand an efficient time seriesdiscord detection method using GPUs. ICSED2021. pp. 63ï70. DOI: 10.1145/3507473.3507483.

ɺʨʝʤʷ ʥʘ ʧʦʠʩʢ 

ʚʩʝʭʜʠʩʩʦʥʘʥʩʦʚ

PALMAD ʦʧʝʨʝʞʘʝʪ KBF_GPU ʢʘʢ ʧʦ ʦʙʱʝʤʫ ʚʨʝʤʝʥʠ ʨʘʙʦʪʳ,

ʪʘʢ ʠ ʧʦ ʩʨʝʜʥʝʤʫ ʚʨʝʤʝʥʠ ʥʘ ʧʦʠʩʢ ʦʜʥʦʛʦ ʜʠʩʩʦʥʘʥʩʘ ʙʦʣʝʝ ʯʝʤ ʥʘ ʜʚʘ ʧʦʨʷʜʢʘ 

ʉʨʝʜʥʝʝ ʚʨʝʤʷ ʥʘ ʧʦʠʩʢ 

ʦʜʥʦʛʦʜʠʩʩʦʥʘʥʩʘ
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ɸʣʛʦʨʠʪʤ PALMAD: 

ʉʨʘʚʥʝʥʠʝ ʩ ʘʣʛʦʨʠʪʤʦʤ ɾʫʠ ʜʨ.

Zhu B. et al. A GPU Acceleration framework for motif and discord based pattern mining. IEEE Transactions on Parallel and DistributedSystems 32(8): 1987-2004. 2021. DOI: 

10.1109/TPDS.2021.3055765.

PALMAD ʟʥʘʯʠʪʝʣʴʥʦ ʦʧʝʨʝʞʘʝʪ ʘʣʛʦʨʠʪʤ ɾʫʠ ʜʨ.ʧʦ ʩʨʝʜʥʝʤʫ ʚʨʝʤʝʥʠ

ʥʘ ʨʝʘʣʴʥʳʭ ʠ ʩʠʥʪʝʪʠʯʝʩʢʠʭ ʨʷʜʘʭ ʙʦʣʝʝ ʯʝʤ ʚ ʜʚʘ ʨʘʟʘ ʠ ʥʘ ʪʨʠ ʧʦʨʷʜʢʘ

ɺʨʝʤʷ ʥʘ ʧʦʠʩʢ ʚʩʝʭʜʠʩʩʦʥʘʥʩʦʚʉʨʝʜʥʝʝ ʚʨʝʤʷ ʥʘ ʧʦʠʩʢ ʦʜʥʦʛʦʜʠʩʩʦʥʘʥʩʘ
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ɸʣʛʦʨʠʪʤ PALMAD: 

ʄʘʩʰʪʘʙʠʨʫʝʤʦʩʪʴ ʦʪ ʜʣʠʥʳ ʩʝʛʤʝʥʪʘ

ʉʠʥʪʝʪʠʯʝʩʢʠʝʚʨʝʤʝʥʥʳʝ ʨʷʜʳʈʝʘʣʴʥʳʝʚʨʝʤʝʥʥʳʝ ʨʷʜʳ 

ʇʨʦʠʟʚʦʜʠʪʝʣʴʥʦʩʪʴ ʘʣʛʦʨʠʪʤʘ ʧʨʦʧʦʨʮʠʦʥʘʣʴʥʘ ʜʣʠʥʝ ʩʝʛʤʝʥʪʘ
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ɸʣʛʦʨʠʪʤ PALMAD: 

ʄʘʩʰʪʘʙʠʨʫʝʤʦʩʪʴ ʦʪ ʜʣʠʥʳ ʨʷʜʘ
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ɺʨʝʤʷ ʥʘ ʧʦʠʩʢ ʚʩʝʭʜʠʩʩʦʥʘʥʩʦʚʉʨʝʜʥʝʝ ʚʨʝʤʷ ʥʘ ʧʦʠʩʢ ʦʜʥʦʛʦʜʠʩʩʦʥʘʥʩʘ
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ɸʣʛʦʨʠʪʤ PALMAD: 

ɺʣʠʷʥʠʝ ʜʠʘʧʘʟʦʥʘ ʜʣʠʥ ʜʠʩʩʦʥʘʥʩʦʚ
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ʉʨʝʜʥʝʝ ʚʨʝʤʷ ʥʘ ʧʦʠʩʢ ʦʜʥʦʛʦʜʠʩʩʦʥʘʥʩʘɺʨʝʤʷ ʥʘ ʧʦʠʩʢ ʚʩʝʭʜʠʩʩʦʥʘʥʩʦʚ

62/30



ɸʣʛʦʨʠʪʤ PADDi: 

ʈʘʟʤʝʨʢʘʥʜʠʜʘʪʦʚ

ʃʦʤʦʥʦʩʦʚ-2, ʄɻʋ

ʫʟʝʣ: 1 Xeon Gold 6126 + 2 Tesla P100

ʃʦʙʘʯʝʚʩʢʠʡ, ʅʅɻʋ 

ʫʟʝʣ: 2 Sandy BridgeE5-2660 + 3 Kepler K20X

Åʈʷʜ: ECG

Åɼʣʠʥʘ ʨʷʜʘ:ςẗρπ
Åɼʠʘʧʘʟʦʥ ʜʣʠʥ ʜʠʩʩʦʥʘʥʩʘȡφτȢȢρςψ
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ɸʣʛʦʨʠʪʤ PADDi: 

ʈʘʩʧʨʝʜʝʣʝʥʠʝ ʚʨʝʤʝʥʠ ʧʦ ʬʘʟʘʤ
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ʃʦʢʘʣʴʥʘʷ ʃʦʢʘʣʴʥʘʷʃʦʢʘʣʴʥʘʷʃʦʢʘʣʴʥʘʷʃʦʢʘʣʴʥʘʷʃʦʢʘʣʴʥʘʷʃʦʢʘʣʴʥʘʷʃʦʢʘʣʴʥʘʷ

ɻʣʦʙʘʣʴʥʘʷɻʣʦʙʘʣʴʥʘʷɻʣʦʙʘʣʴʥʘʷɻʣʦʙʘʣʴʥʘʷɻʣʦʙʘʣʴʥʘʷɻʣʦʙʘʣʴʥʘʷɻʣʦʙʘʣʴʥʘʷ
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Kepler K20X Tesla P100

Åʈʷʜ: ECG

Åɼʣʠʥʘ ʨʷʜʘ:ςẗρπ
Åɼʠʘʧʘʟʦʥ ʜʣʠʥ 

ʜʠʩʩʦʥʘʥʩʘȡφτȢȢρςψ
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ɸʣʛʦʨʠʪʤ PADDi: 

ʋʩʢʦʨʝʥʠʝ ʠ ʧʨʦʠʟʚʦʜʠʪʝʣʴʥʦʩʪʴ

ʃʦʤʦʥʦʩʦʚ-2, ʄɻʋ

ʫʟʝʣ: 1 Xeon Gold 6126 

+ 2 Tesla P100

ʃʦʙʘʯʝʚʩʢʠʡ, ʅʅɻʋ 

ʫʟʝʣ: 2 Sandy Bridge 

E5-2660 + 3 Kepler K20X

Åʈʷʜ: GAP

Åɼʣʠʥʘ ʨʷʜʘ:ςẗρπ
Åɼʠʘʧʘʟʦʥ ʜʣʠʥ 

ʜʠʩʩʦʥʘʥʩʘȡφτȢȢρςψ
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ɸʣʛʦʨʠʪʤ PADDi: 

ʋʩʢʦʨʝʥʠʝ ʠ ʧʨʦʠʟʚʦʜʠʪʝʣʴʥʦʩʪʴ

ʃʦʤʦʥʦʩʦʚ-2, ʄɻʋ

ʫʟʝʣ: 1 Xeon Gold 6126 

+ 2 Tesla P100

ʃʦʙʘʯʝʚʩʢʠʡ, ʅʅɻʋ 

ʫʟʝʣ: 2 Sandy Bridge 

E5-2660 + 3 Kepler K20X

Åʈʷʜ: MGAB

Åɼʣʠʥʘ ʨʷʜʘ:ςẗρπ
Åɼʠʘʧʘʟʦʥ ʜʣʠʥ 

ʜʠʩʩʦʥʘʥʩʘȡφτȢȢρςψ
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ɸʣʛʦʨʠʪʤ ʧʦʠʩʢʘ ʩʥʠʧʧʝʪʦʚ*

1. ʈʷʜ ʧʨʝʜʩʪʘʚʣʷʝʪʩʷ ʢʘʢ ʫʧʦʨʷʜʦʯʝʥʥʳʡ ʥʘʙʦʨ ʥʝʧʝʨʝʩʝʢʘʶʱʠʭʩʷ 

ʩʝʛʤʝʥʪʦʚ ʟʘʜʘʥʥʦʡ ʜʣʠʥʳ Ὓ Ὓ
Ⱦ
ȟὛ Ὕ ȟ

2. ɼʣʷ ʢʘʞʜʦʛʦ ʩʝʛʤʝʥʪʘ ʥʘʡʜʝʤ ʝʛʦ ʙʣʠʞʘʡʰʠʭ ʩʦʩʝʜʝʡ ʚ ʩʤʳʩʣʝ 

MPdist

3. ɼʣʷ ʢʘʞʜʦʛʦ ʩʝʛʤʝʥʪʘ ʥʘʡʜʝʤ ʝʛʦ ʧʦʢʨʳʪʠʝ ʠ ʚʦʟʴʤʝʤ ʚ ʢʘʯʝʩʪʚʝ 

ʩʥʠʧʧʝʪʦʚ top-ὑʩʝʛʤʝʥʪʦʚ ʧʦ ʧʦʢʨʳʪʠʶ

╣

Ὓ Ὓ Ὓ Ὓ Ὓ Ὓ Ὓ Ὓ Ὓ Ὓ╚ σ

49%

34%

17%

ʇʦʢʨʳʪʠʝ

╢

╢

╢

* Imani S. et al. Introducing time series snippets: a new primitive for summarizing long time series. Data Min. Knowl. Discov. 2020. 34(6). pp. 1713-1743. DOI: 10.1007/s10618-020-00702-y

ά

ὲ
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ʄʝʨʘ MPdist (Matrix Profile distance)*

Åʉʭʦʞʝʩʪʴ ʚʨʝʤʝʥʥʳʭ ʨʷʜʦʚ ὃʠ ὄ(ȿὃȿ ȿὄȿ ά) 

ʧʦ MPdist ʧʨʦʧʦʨʮʠʦʥʘʣʴʥʘ ʢʦʣʠʯʝʩʪʚʫ ʚ ʥʠʭ 

ʧʦʜʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦʩʪʝʡ ʜʣʠʥʳ Љ(σ Љ ά), 

ʙʣʠʟʢʠʭ ʚ ʩʤʳʩʣʝ ʥʦʨʤʘʣʠʟʦʚʘʥʥʦʛʦ ʝʚʢʣʠʜʦʚʘ 

ʨʘʩʩʪʦʷʥʠʷ

* Gharghabi S. et al. An ultra-fast time series distance measure to allow data mining in more complex real-world deployments. DataMin. Knowl. Discov. 2020. 34. pp. 1104-1135. 

DOI: 10.1007/s10618-020-00695-8

%$ὃȟὄ ρρȢς

ἙἜἬἱἻἼὃȟὄ

═

║

-0ÄÉÓÔЉὃȟὄ !ÓÃ3ÏÒÔὖ Ὧȟ

ὖ ὖ ɇὖ ȟὖ %$ ὃȟЉȟὄȟЉ
Љ ȟ

ὄȟЉ ÁÒÇÍÉÎ
Љ
%$ ὃȟЉȟὄȟЉȟ

ʛʜʝ π Ὧ ά, Ὧ ổπȢράỖ
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* Gharghabi S. et al. An ultra-fast time series distance measure to allow data mining in more complex real-world deployments. DataMin. Knowl. Discov. 2020. 34. pp. 1104-1135. 

DOI: 10.1007/s10618-020-00695-8

ʄʝʨʘ MPdist: ʄʘʪʨʠʯʥʳʡ ʧʨʦʬʠʣʴ ὖ

ὃ ὄ ά
═

Љ╟═║

║
ɿʥʘʯʠʤʘʷ ʜʣʠʥʘ 

ʧʦʜʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦʩʪʠ: 

σ Љ ά (ʦʙʳʯʥʦ,

πȢσά Љ ổπȢψάỖ)

ʅʦʨʤʘʣʠʟʦʚʘʥʥʦʝ ʝʚʢʣʠʜʦʚʦ ʨʘʩʩʪʦʷʥʠʝ 

ʦʪ Ὥ-ʡ ʧʦʜʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦʩʪʠ ʜʣʠʥʳ Љ
ʠʟ ὃʜʦ ʝʝ ʙʣʠʞʘʡʰʝʛʦ ʩʦʩʝʜʘ ʠʟ ὄ

-0ÄÉÓÔЉὃȟὄ !ÓÃ3ÏÒÔὖ Ὧȟ

ὖ ╟═║ɇὖ ȟ╟═║ ἏἎἶἷἺἵ═░ȟЉȟ║▒ȟЉ ░
□ Љ ȟ

║▒ȟЉ ἩἺἯἵἱἶ
▲□ Љ

ἏἎἶἷἺἵ═░ȟЉȟ║▲ȟЉȟ

ʛʜʝ π Ὧ ά, Ὧ ổπȢράỖ

Љ Љ
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Љ

ʄʝʨʘ MPdist: ʄʘʪʨʠʯʥʳʡ ʧʨʦʬʠʣʴὖ

╟║═Љ╟═║

ὃ ὄ ά
Љ Љ ║═ ɿʥʘʯʠʤʘʷ ʜʣʠʥʘ 

ʧʦʜʧʦʩʣʝʜʦʚʘʪʝʣʴʥʦʩʪʠ: 

σ Љ ά (ʦʙʳʯʥʦ,

πȢσά Љ ổπȢψάỖ)

-0ÄÉÓÔЉὃȟὄ !ÓÃ3ÏÒÔὖ Ὧȟ

ὖ ὖ ɇ╟║═ȟὖ %$ ὃȟЉȟὄȟЉ
Љ ȟ

ὄȟЉ ÁÒÇÍÉÎ
Љ
%$ ὃȟЉȟὄȟЉȟ

ʛʜʝ π Ὧ ά, Ὧ ổπȢράỖ
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