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% Time Series Change Point Detection based on Contrastive Predictive Coding
(TS-CP?)

« 20213 Proceedings of The Web Conference(WWW)O{|A] 2
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Machine learning approach

o

» Time Series Change Point Detection based on Contrastive Predictive Coding
(TS-CP?)

AlO|| CHBIO] 22531 M2 B ol
« Yahoo benchmark, USC-HAD, HASC. 37}X| H|O|E AI0j L3t 243t 5= 2
AI — 2 _I_H . . . | . . H FO-Il O _I_}
- A= Sl contrastive representation learningO| change point detection =00 &9
L 7]o =[H
Dataset Detection margin 24 50 75
455 TMethods Best Wnd Fl-score Best Wnd Fl-score Best Wnd Fl-score
FLOSS 45 02083 sl 03575 25 04233
aHSIC 40 04092 40 04175 4 04392
Yah RulSIF 20 035175 20 03317 20 03700
#Me9 | ESPRESSO 50 0.2242 50 03400 70 0.4442
EL-CPD 24 05787 a0 05760 75 L5441
TS = CF* 24 .64 S0 08104 75 0.B428
Detection mangin 100 200 400
FLOSS 100 0. 26066 100 036606 400 04333
aHSIC 50 03353 50 03333 S0 03999
UsC RulSIF 400 0. 46086 400 046606 400 0.5333
ESPRESS0O 100 0.63533 100 L.E533 100 08333
KL-CPD win:100, bsid 07426 | win:200bs:52 07180 | win:400 bs:16 06321
TS = CP* win:100, bs:8 0.8235 | win:200, bs:3 085371 | win:400, bs:32  0.8333
Dietection margin 1] 100 200
FLOSS &0 03088 11 03913 100 05430
aHSIC 40 02308 40 03134 4 04167
HASC | RulSIF 200 05453 200 . 459949 200 0. 499%
ESPRESS0O 100 02879 11 04233 100 06933
KL-CPD win:60 bs:4 0.4785 win:100,bs:4 04726 | win:200 bs:64 04669
TS =CP win:bi bs:64 0.40 win: 100 bs:64 04375 win: 200 bs:64 063516
I I ]
AlS
TS-CP2 A A1t
itps;/andivorey/pdf/2007.0959001 pdf
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Conclusion
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% Change point detection (CPD) summary

« CPDE= AIAIE HIOIE Lo =45t Bzt 47| XEgs H= =X

O =

* CPD ZOFA= labelO| F&FotALE =&517| {22 87t B57| =0 labelO] HO{ =

X8 Jh53t Bt ol e

« Z|2 self-supervised representation learningO| CPD =200 & &|7| A[&fgt
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