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Task of arbitrary length discord discovery?

« Discord is a subsequence of a given length whose nearest neighbor is at least at a given threshold far away
« Given: time series T, discord length range minlL, ..., maxL
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1) Nakamura T., et al. MERLIN: parameter-free discovery of arbitrary length anomalies in massive time series archives. IEEE ICDM 2020. pp. 1190-1195.
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PALMAD (Parallel Arbitrary Length MERLIN-based Anomaly Discovery)!
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1) Zymbler M., Kraeva Y. High-performance Time Series Anomaly Discovery on Graphics Processors. CoRR. 2023. Vol. abs/2304.01660. arXiv: 2304.01660.
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PD3: Parallel DRAG-based Discord Discovery®

1. Two phases: the candidate selection and discords refinement
2. Data parallelism: SIMT (Single Instruction Multiple Threads)
3. Efficient calculations of scalar products T; ,,, - T 1,
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1) Kraeva Y., Zymbler M. Parallel algorithm for time series discord discovery on a graphics processor. Pattern Recognition and Image Analysis. 2023. Vol. 33,

no. 2. Accepted for publication.
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Experiments: Comparison with analogs

» KBF_GPU * Zhu et al.
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Time series length, x10*

PALMAD significantly outruns Zhu et al.

PALMAD significantly outruns KBF_GPU w.r.t. the average running time to discover one discord
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Limitations of PALMAD

PALMAD cannot
 deal with a time series that larger than RAM of a GPU
e discover anomalies online
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From PALMAD to PADDI (PALMAD-based Anomaly Discovery on Distributed GPUS)

(reduce calculations by lemma)
1) Zymbler M., Kraeva Y. High-performance Time Series Anomaly Discovery on Graphics Processors. CoRR. 2023. Vol. abs/2304.01660. arXiv: 2304.01660.

01.12.2023 7/31

Current results of the project

(use PD3 and metric EDZ,,.,,)
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PADDI: Fragmentation and segmentation
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PADDI: General scheme
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PADD:I: Local Discord Discovery
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PADDI: Global Discord Discovery
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Local/Global Discord Refinement
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Experiments

e Hardware
— Cluster: Lomonosov-2, MSU

— Node: 1 x Xeon Gold 6126 with 2 x NVIDIA Tesla P100 (3 584 CUDA-cores, @1.19 GHz, 4 TFLOPS)

* Datasets
Time | Time series | Discord length range, Domain
series| length, n minL.. maxL
ECGY | 4-10° 64..128 Electrocardiogram of an adult patient
GAP2 | 2.10° 256..512 Power demand in France
* Measures

— Performance: 10-runs averaged runtime without /O

— Speedup: s(p) = tl/tp, where t; — runtime on one node, t,— runtime on p nodes

— Parallel efficiency: e(p) = s(p) / p

DLu Y. et al. Matrix Profile XXIV: Scaling Time Series Anomaly Detection to Trillions of Datapoints and Ultra-fast Arriving Data Streams. ACM SIGKDD 2022.
pp. 1173-1182.
2) Linardi M. et al. Matrix Profile X: VALMOD - Scalable Discovery of Variable-Length Motifs in Data Series. SIGMOD 2018. pp. 1053-1066.
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Scalability: ECG
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Scalability: GAP
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Limitations of PALMAD

PALMAD cannot
 deal with a time series that larger than RAM of a GPU
 discover anomalies online
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Discover anomalies online: DISSID (Discord, Snippet, and Siamese Net-based Detector)

Representative fragment of time series

Potentially anomalous
subsequence

) W\/J\N\/\ :1>
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DISSID: Labeling

e Labelingis based on the snippet concept?!
* PSF (Parallel Snippet Finder)? is applied for snippet discovery

Labeled set L
T Subsequence Label
“J‘J\\HM\” 1
] n A_.._L,/\_.,_A_/\_.._L/ 2
< F —

3
L Activity 1 —— Activity 2 — Activity 3 |
' T
-3-0 5Ik 1{le 1ék 2{IJk n m

1 maniS., et al. Introducing time series snippets: a new primitive for summarizing long time series. Data Min. Knowl. Discov. 34(6): 1713-1743 (2020). DOI: 10.1007/s10618-020-00702-y
2) Zymbler M., Goglachev A. Fast Summarization of Long Time Series with Graphics Processor. Mathematics 10(10). Article 1781. 2022. DOI: 10.3390/math10101781
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https://doi.org/10.1007/s10618-020-00702-y

DISSID: Cleaning by removing weak snippets (rare activities)

Weak snippet and its NNs
(sensor failure)

5-
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Fractions

[ fractiong, <e a
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DISSID: Cleaning by removing outlier neighbors
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DISSID: Cleaning by removing discords and their trivial matches
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1) Zymbler M., Kraeva Y. High-performance Time Series Anomaly Discovery on Graphics Processors. CoRR. 2023.

Vol. abs/2304.01660. arXiv: 2304.01660.
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DISSID: Cleaning
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DISSID: Siamese Network’
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* Hadsell R., Chopra S., LeCun Y. Dimensionality Reduction by Learning an Invariant Mapping. CVPR 2006. pp. 1735-1742.

IEEE, 2006. DOI: 10.1109/CVPR.2006.100.
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DISSID: ResNet’
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* Wang Z., et al. Time series classification from scratch with deep neural networks: A strong baseline. IJCNN 2017. pp. 1578-1585. IEEE, 2017. DOI: 10.1109/1JCNN.2017.7966039.
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DISSID: Model training
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DISSID: Online anomaly detection
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Experiments: Data generation

I3
:}k - x
T, .
Train (50%) Test (50%)
Concatenate
V the corresponding parts
— 71 1 of time series T2 2
Ttrain = 17 * 15 ) Tiese = 11 o 15
Train Test
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Experiments: Setup

e Hardware: Neurocomputer SUSU, NVIDIA Ampere A100 PCle (6 912 CUDA-cores, 9.7 TFLOPS)
e Data: MIT-BIH Arrhythmia Database?

— For generating the labeled set:

Time series | Training time series | Test time series Snippet Subsequence Snippet Discord
length, n4-4in length, 14,4, length, m length, [ number, K fraction, a

ECG_803 805 5-10% 5-10% 350 75 2 0.0002

ECG 803 806 5-10% 5-10% 350 75 2 0.0002

— For neural network learning: generate 170 000 pairs (2 positive + 2 negative pairs per 1 subsequence)

e Measure: Precision = PT+PFP, TP —true anomalies detected, FP — false positive anomalies detected
 Neural Network Hyperparameters:
— Loss function: contractive loss — # Epochs: 40
2 :
L(.X'i, xj'Zi,j ) = Zi’jEDz(hi, h]) + (1 — Zi,j)max (O, T — ED(hl, hj)) , — Batch size: 128

— Learningrate: 1 - 1073
— Embedding size: 128

where T — margin between samples of different classes
— Optimizer: Adam

1) Goldberger A. L., et al. PhysioBank, PhysioToolkit, and PhysioNet components of a new research resource for complex physiologic signals. Circulation 101(23): 215-220. 2000.
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Experiments: ECG_803 805
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Experiments: ECG_803 806

= Time Series
*  True Anomalies
*  Predict Anomalies
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Conclusions

e The results obtained:
— parallel algorithm for discord discovery on HPC cluster with multi-GPU nodes
— method for online anomaly detection

 Further research:

— extensive experiments: time series from various domains, rivals, etc.
— upgrade the method to make it adaptive

Thank you for your attention! Questions?
Kraeva Yana
kraevaya@susu.ru
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[locTaHOBKa 3ada4y
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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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PD3 (Parallel DRAG-based Discord Discovery): Py4yHoun noabop r
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PD3 (Parallel DRAG-based Discord Discovery): Py4yHou noabop m
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[Tonbop nopora r
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PALMAD: Parallel Arbitrary Length MERLIN-based Anomaly Discovery

1. MpumeHenune EDZ, .., B KauecTtse GyHKLMM paccToaHUAY

ED orm( im’ ,m)=2m(1_ — : ])

mo; o;

2. CoKkpauweHune n3bbITOYHbIX BbIMUCAEHUN U U 0 NPU BbIYUCSIEHUN EDnOrm

Nemma. MNyctb ganbl paa T, |T| = n v nognocnenosatenbHoCtn T; ., M T 14 1. TorAa

2 L 2 :
UTimer = m+1( Ui + tl"'m) OTimsr — m+1 (O-Ti,m m+1 ('uTlm tl"'m) )
3. ABTON\aTVI3I/IpOBaHHbII7I |_|O,£|,60p noporar

4. TennoBaAa KapTa ANCCOHAHCOB

1) 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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[lpon3BoANTENBHOCTD: cpaBHeHne ¢ KBF GPUY

CpeaHee BpemA Ha NOMCK OAHOro AMCCOHAHCA Bpema Ha NOUCK BCeX ANCCOHAHCOB
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PALMAD onepexkaet KBF_GPU Kak no obuwemy BpemeHun paboTsl,
TaK U No cpegHemy BpemeHU Ha MNOUCK OAHOro 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: cpaBHeHwue ¢ Zhu et al.V
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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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Discord ranking
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BbisiBneHne aHomanuu B cucteme otonnenus HOYpl'Y
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BbiiBNeHne aHoManu B MawMHOCTPOEHUN
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[Tonck aHomanun Bo BpeMEHHbIX pAdax U3 LMmpoBON NHOYCTPUK
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PD3: Parallel DRAG-based Discord Discovery
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anaBcexc; ECusNc; =0
ecam dist(s,c;) < r 10

C = C\ ¢; ; Kaugupnat = FALSE
ecan Kanauagat = TRUET0C :=C U s

C =}

N

disttw,v) > r
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OT160p KaHAnOaToB

NOKa He KoHeu, paaa T:

TeKyLllaa noanocaen08aTeNIbHOCTb S
Kanaunnat := TRUE

C ={v,w}

anascexc; ECnNsNc; =

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

dist(x,v) <r
dist >

C = C\ ¢; ; Kanaupar = FALSE ist(x,w) =7
ecnv Kangugatr = TRUETOC:=CU s

o, C = {w}
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OT160p KaHAnOaToB

NOKa He KoHeu, paaa T:

C={wy}
TeKyLllaa noanocaen08aTeNIbHOCTb S
Kanaunnat := TRUE

anaBcexc; ECusNc; =0

NZ
dist(z,w ) > r
ecnu dist(s,c;) < r 10 dist(z,y ) =r
C = C\ ¢; ; Kaugupnat = FALSE
ecan Kanauagat = TRUET0C :=C U s DN
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OuuncTka KaHaOMaOaToB

D =°C D:{W,y,Z}
NOKa He KoHeu psaaa T:
TeKyLlasa noanocieaoBaTebHOCTb S _ ~
_ dist(tv,w ) =>r
onasgcexd; EDunsnd; =@ |
dist(v,y) = r

ecnn dist(s,d;) < r 10 |
D:=D\ d; dist(v,z) <r

ABTOMaTMU3NPOBAHHBI NMOUCK aHOManunn BPeMeHHbIX PSAO0B Ha rpadou4eckoM npoLeccope 17.03.2023 26/20



OuuncTka KaHaOMaOaToB

D=¢C
NOKa He KoHeu psaaa T:
TeKyLlasa noanocieoBaTesibHOCTb S
onasgcexd; EDunsnd; =@
ecnn dist(s,d;) < r 10

D ={w,y}

dist(z,w ) > r

dist(z,y) > r
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PALMAD: aBTOMaT13MpOBaHHbIN Noabop nopora

Algorithm 3 PALMAD (1N T, minL, maxL, topK; ouT D)

1: D+ @; r < 2vVminL; nnDistin, +— —o0
2: {ji,5} < CALCMEANSTD(T, minL) Lar 1. Mownck anccoHaHcos
3: while nnDistinr, < 0 and |Dpinr| < topK do MWUHUMaNbHOWN ANUHBI MminL
4: Dopint, + PD3(T, ji,5,minL,r?); D + D U Dypinr: mDistyinr, . Ijl_)lin d.nnDist r = 2VvminlL
ElminL
S L D T e e
6: for ¢ < minL + 1 to minL + 4 do
T: nnlDist; + —oo
8: {fi,6} < UPDATEMEANSTD(T, fi, 7,1) LLiar 2. MouUcK ANCCOHAHCOB
9: while nnDist; < 0 and |D;| < topK do cnepyloLmX YeTbipex ANUH
10: r <+ 0.99 - nnDist;_1 r =0.99 - nndist,,_4,
11: D; + PD3(T,j1,5,i.7%); D + DU D;; nnDist; + 511151 d.nnDist
el
12: r<«0.99.r
13: for i « minL +5 to mazL do o TTTTEETTTT
14: p < Mean({nnDist.}',_>_,): 0 < Std({nnDisty}}>_); 7 < — 20
o . LWar 3. Mounck anccoHaHcos Bcex
15: {fi,0} < UPDATEMEANSTD(T, fi,7,1)
S . _ . OCTaBLUMXCA AJIUH
16: D; < PD3(T, ji,7,i,7%); D+ DU D;; nnDist; + min d.nnDist
deD, r=u—20
17: while nnDist; < 0 and |D;| < topK do
18: D; < PD3(T, i,5,i.7%); D <+ DU D;; nnDist; + 511151)1 d.nnDist
el
19: r<r—o
20: return D
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PALMAD

Algorithm 3 PALMAD (IN T, minL, maxL, topK; ouT D)

10:
11:
12:
13:
14:
15:
16:

17:
18:
19:
20:

D+ ;. r + 2vminL; nnDist,in, ¢ —00
{fi,5} < CALCMEANSTD(T, minL)
while nnDistinr, < 0 and |Dpying| < topK do

DminL —

PD3(T. i, o, minL,r?);|D < DU Dyinr; nnDistying, < min  d.nnDist

r<05-r
for 1 < minL + 1 to minL +4 do
nnlDist; + —oco
{fi,6} < UPDATEMEANSTD(T, fi, 7,1)
while nnDist; < 0 and |D;

r <+ 0.99 - nnDist;_

D;

—|PD3(T,p,a,i,r2%);

r<+0.99.r

for ¢ < minL + 5 to maxL do

dEDm in L

< topK do

D <+ DUD;; nnDist; + [li_’ngl d.nnDist
€

pt < Mean({nnDist.}: > |): 0 < Std({nnDistp}, > ); 7+ pu— 20
{fi,6} < UPDATEMEANSTD(T, [i,7,1)
D < DU D;; nnDist; < min d.nnD1ist

Di<—

PD3(T, fi,7,1,72);

while nnDist; < 0 and

D; <|PD3(T, 1,5,i,1r%);
ri-r—o
return D

D;

deD;
< topK do

D <+ DUD;; nnDist; + C]éﬂiél d.nnDuist
el
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— ncnonb3losaHue PD3
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[TpenobpaboTka: BblYMCNEHNE U N O

QT;j — mu;pu;

blocklen + m — 1 \ ED%orm (Ti,m» Tj,m) = 2m(1 —

)

mO'iO'j

N=n—minL+1
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PD3: O1bop kaHAnaaToB, brioyHoe pacnapannenMBaHme

Segment () T
S buToBas kapTa
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PD3: Ounctka kaHanaaTos

brioyHoe pacriapansaesnueaHue
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[1poV3BOANTENBHOCTL: BIMSAHWE ANUHbI CErMEHTa

PeanbHble BpemeHHble pAaabl CUHTeTUYeCKUne BpemeHHble paabl
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MacLutabupyemocTb: BNusiH1e AnuHbl paaa

BpEN\ﬂ Ha MOUCK BCeX AUNCCOHAHCOB Cpe,u,Hee BpeMA Ha NOUCK OAHOIro AMCCOHaHCa
§ ‘é" . 0.8 -1 " o1 |
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S ¢ = T )
o W CO & =8
oC == LN = 200 - o B )
n =< <¥ = ?&U go
8, ¢ 5 g
\/ W 100 — é 2, N
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Time series length, x10° Time series length, x10°
E '\? 1500 - 13'?6.|'?8— é" ”
=8 gy O —
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oS = N Be 0 2
o € = 0T 5 .
o — g 5W : S o
g u £a
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MacLwTabupyemocTb: BNUsSiHUE AnanasoHa AnnH AMCCOHAHCOB

BpeMFI Ha MOUCK BCeX ANCCOHaHCOB Cpe,u,Hee BpeMA Ha NOUCK OAHOIro AMCCOHaHCa
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Efficient parallelization of PALMAD for a multi-GPU cluster node

NVIDIA Nsight Systems

Non-swappable host memory for data from GPU
CUDA stream for each GPU

+735ms +740ms +745ms +750ms +755ms +760ms +765ms
» CPU (32)

I
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]
1
* Threads (9) :

= /| [18754] main -

0S runtime libraries

CUDA API

Profiler overhead

8 threads hidden... —+
~* CUDA HW (0000:17:00.0 -1
» 99.9% Kernels

~ CUDA HW (0000:ca:00.0 - |
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» 0.1% Memory
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Current results of the project

Asynchronous CPU-GPU data transfers
Asynchronous CUDA kernels

}

}

for (inti=0; i< nGPUS; i++) {

for (inti=0; i< nGPUS; i++) {

cudaDeviceSynchronize();

cudaSetDevice(i);
cudaMalloc(...);
cudaMallocHost(...);
cudaStreamCreate(&streamsi]);

cudaSetDevice(l);

cudaMemcpyAsync(..., cudaMemcpyHostToDevice, streams
kernel<<<grid, block, 0, streams][i]>>>(...);
cudaMemcpyAsync(..., cudaMemcpyDeviceToHost, streams]i])

1),

Pinned Data Transfer

Pageable Data Transfer

Device Device

Host Host

Pageable Pinned
Memory Memory

Pinned
Memory
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Experiments: Setup

e Hardware: Neurocomputer SUSU, NVIDIA Ampere A100 PCle (6 912 CUDA-cores, 9.7 TFLOPS)
e Data: MIT-BIH Arrhythmia Database?

— For generating the training dataset:

Time series | Training time series | Test time series Snippet Subsequence Snippet Discord
length, n4-4in length, 14,4, length, m length, [ number, K fraction, a

ECG_803 805 5-10% 5-10% 350 75 2 0.0002

ECG 803 806 5-10% 5-10% 350 75 2 0.0002

— For neural network learning: generate 170 000 pairs (2 positive + 2 negative pairs per 1 subsequence)

TP _ N |
T TP —true anomalies detected, FP — false positive anomalies detected

 Neural Network Hyperparameters:

e Measure: Precision =

— Loss function: contractive loss — # Epochs: 40
2 L]
L (xi:xj; Oy xj) = 8y, x;ED*(hy, by) + (1 — &y, xj) max (O,T — ED(h;, hj)) . — Batchsize: 128

—_— 1 ° . _3
where T — margin between samples of different classes Learning rate: 1 - 10
. — Embedding size: 128
— Optimizer: Adam

1) Goldberger A. L., et al. PhysioBank, PhysioToolkit, and PhysioNet components of a new research resource for complex physiologic signals. Circulation 101(23): 215-220. 2000.
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DISSID: Discord, Snippet, and Siamese Net-based Detector of anomalies
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Current results of the project
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DISSID: Discord, Snippet, and Siamese Net-based Detector of anomalies
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Distributed PALMAD: general scheme

node, (master)

cpu, -

cpu, -
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Distributed PALMAD: general scheme

FOR EACH m € [minL; maxL]
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PALMAD (Parallel Arbitrary Length MERLIN-based Anomaly Discovery)Y

" Precalculation
m = minl
)\D scords
[ r « 2VvminlL } { Calculate u, o ] ,Y ot found E{SelectHRefineH{ r<05-r ]
PD3
else >{ De— DU Dm ]
~ foreachm € minL + 1.. minlL + 4
/kD scords
[r < 0.99 - nnDist,,_4 } { Update u, o B 'Yae — [{SEIECJ{];;[RE]CMEH{T ik T]
else
{De<DUD, |
|
Y
~foreachm € minL + 5.. maxL
- - ~N y Discords (
U < Mean({diStk ;cn:_m_l) ;[ Update ﬁ’ E } ;<\are not found ( Select HReflne] r e ‘Ll g J
0 « Std({distk mes e t PD3
L repu—=2-o ) {D(—DUDm]
 Threshold selection Reducing Discord discovery Discord gathering
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m = minL *\ ‘Actl\nty J

| i )\Discords ) i [ Ser:ial
[ r <« 2VminlL ]> [ Calculate u, o ‘; e nottoun ({ Select ’—*[Refine re<05-r ] Activity

\ \( else L PD3 ﬂ (

' i )—{DeDUD,
~ foreachm € minL + 1mmL + 4 N
I a - *Discords N X

} '} are not found [l( Select ’_)[Reflne Y 0.99 T ]

. \(else L E PD3 f (
\ . 7D <DUDy }
| | | |
| Y i
~for eachm € minL + 5.. maxL
e ; N . Discords ( i
e Mean(idisticJje=m-1) | [ Update 1,0 |— e oo TSeIect F[Refine repu—ao }
| o« Std({dlStk ?}?—73—1 ) ﬂ else L PD3 g 5
| reu—2-o § ! 1N }
. Threshold selection . Reducing | Discord discovery DISCOI‘d gathermg
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