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Time Series Data
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Time Series Analysis
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Time Series Decomposition
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Decomposition
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FFT(Fast Fourier Transform)

Fourier Series

- E2gHE S0 FVIS VIS 2 Chett OS2 2O 2 0IR0{E £ US
ol FAN P
a —|— -

tS2
FO7LAS M, Ol S aoh CHETE 7| S 7HKl= cos/sin =2 HRZ HI[E@ £+ U

0lo

f(t) = ay + ajcoswt + a,cos2wt + - + a,coswt

. . . @rﬂling Signal Data with Fourier Transform
+ bysinwt + bysin2wt + -+ b, sinwt

DMQA Open Seminar

Handling Signal Data with Fourier Transft

wur: 0 2z
ey
B 20225 62 102
[ 2314~
B 222 H|C|2 A E (YouTube)

/ frequency

HojuHE =] —

time https://www.nti-audio.com/en/support/know-how/fast-fourier-transform-fft
KOREA Data Mining
N

https://youtu.be/q7U1LX2BdOA?si=d6CJjfzu7hSwKYDu

UNIVERSITY Quality Analytics

8



Background

FFT(Fast Fourier Transform)

Fourier Transform

@00

JHrA

=8 KOREA ..:‘ Data Mining

UNIVERSITY Quallity Analytics




Background

FFT(Fast Fourier Transform)

Fourier Transform

@00

JHrA

=8 KOREA ..:‘ Data Mining

UNIVERSITY Quallity Analytics

10



Background ‘ O O
FFT(Fast Fourier Transform)

Fourier Transform
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FFT(Fast Fourier Transform)

Fourier Transform
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FFT(Fast Fourier Transform)

Fourier Transform
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Fourier Transform
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Fourier Transform
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FFT(Fast Fourier Transform)

Fourier Transform
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Overview

TimesNet (ICLR, 2023)
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TimesNet (ICLR, 2023)
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5] Overview

TimeMixer (ICLR, 2024)
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Architecture
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Multiscale Time Series
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Past Decomposable Mixing
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Past Decomposable Mixing
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Past Decomposable Mixing
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Past Decomposable Mixing
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Future Multipredictor Mixing
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