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Time Series In The Real World
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Discrete Convolution On Time Series
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Discrete Convolution On Time Series
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Continuous CNN Theorem

Problem formulation

Observing signal X, that is non-uniformly sampled from an unknown continues signal x(t) with timestamps
Tin, the goal is to design a continuous convolutional layer that can produce output, y(t,,;) for any arbitrary
output time ¢,

(1) Recover X(t) via interpolation (2) Continuous convolution on X(t)
2(t) = ZN x(t)I(t — ti, T, Xin) + €(t, Tin, Xin) Y(tour) = [X(E) * C(O)]le=ty,, + b
x(1)
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Continuous CNN Theorem

Problem formulation

Observing signal X, that is non-uniformly sampled from an unknown continues signal x(t) with timestamps
Tin, the goal is to design a continuous convolutional layer that can produce output, y(t,,;) for any arbitrary
output time ¢,

(1) Recover X(t) via interpolation (2) Continuous convolution on X(t)
56\(t) = Zé\ilx(ti)l(t — t, g-in’ xin) + E(t' g-zn’ xin) y(tOUt) = [X\(t) * C(t)]|t=tout +b

Y(tour) = ZLx DIt = ty, Tiny Xin) * COle=toye + [€E Tin, Xin) * C() + blli=ty,
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= z:£V=1x(ti)K(tout — ti; Tins xin) + .B(toutr Tin, xin)




Continuous Convolution Layer

Assumptions: Two-hot encoding:
(1) Stationarity and Finite Dependency m, — At At — TTp_4
K(tout — ti; Jin, xin) — K({tout _ tiiOK'x(tiiOK}) 9k = o rGk+1 = o) ’

(2) Finite Kernel Length 91=0,vig{k—1k}

K(tout — ti;:]—l:n) = 0; Vltout — til > Lk A.t
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Continuous Convolution Layer

K(toutr — ‘t'i; Jin» Xin)

Feedforward Network ]

! (&)
Two-hot Encoding XL
] x(ti+1)
X(titog)

Lout — Lislout — tiil» v bout — tiiOK

(a) Kernel network

B (tous; {in: Xin)

Feedforward ]

X Network
i 1

7

( TWO-hOU x(t;+)

_Encodin x(tj*+1)

Lout — tj*»
tout = 10 %(tjo20,)
ren ) tout - tj*iOB

(b) Bias network



Continuous Convolution Layer

K(tout - t'i;-Tin' xin)
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Evaluations: Autoregression

Wf

Sine:

2mt
x(t) = sin(T)

Mackey-Glass:

#(0) = B x(t—1)

(a) Point-wise(-P)

(b) Linear(-L)

(c) Sinc(-S)

Lorenz:

x(0) = a(y(®) —x(@))

14 x(t—1)" —yx(t)

y(@) = —x(0)z(t) + yx(t) — y(t)
z(t) = x(t)y(t) — bz(t)

Alg. Sine MG Lorenz

CNN 46.0 (8.22) 12.8(3.92) 9.90 (3.33)
CNNT 20.2 (7.65) 3.50(1.29) 5.97(2.41)
CNNT-th | 8.44 (4.58) 3.00(1.21) 8.37(3.24)
ICNN-L 1.13(0.87) 0.97(0.53) 5.81(2.78)
ICNN-Q | 0.75(0.65) 0.83(0.46) 5.08(2.59)
ICNN-C 0.72 (0.83) 0.72(0.42) 4.22(2.27)
ICNN-P 20.5(6.43)  1.95(0.79)  8.50(3.32)
ICNN-S 17.2(5.57)  3.51(1.36)  8.20(3.31)
RNNT 36.1(12.9)  8.15(3.32)  13.4(3.95)
RNNT-th | 19.5(6.48) 8.48(3.11) 13.9(4.36)
CCNN 0.88 (0.61) 2.46(0.89) 3.93(1.73)
CCNN-th | 0.42(0.36) 0.53(0.97) 3.25(1.67)

MSE loss in 102
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Evaluations: Autoregression

AT A A Sine:
| | | . 2mt
x(t) = sm(T)

= . = Alg. Sine MG Lorenz
% 1 T 1 ; CNN 46.0 (822) 12.8(3.92) 9.90(3.33)
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Evaluations: Temporal Point Process
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A(t) = exp(vh + wt + b) f) = j A(t)dt AT = E(f(t))
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Evaluations: Temporal Point Process

0.5

BN RMTPP N RMTPP
241 BN N-SM-MPP BN N-SM-MPP
B CCNN B CCNN
221 B CCNN-th 04 B CCNN-th
2.0
m 1.8 m m 0.3 1
N wn wn
1.6 1
E E E 0.2
1.4
1.2 -
1.0
0.8 . ! 0.0
Models Models Models Models
NYSE StackOverflow MIMIC ReTweet

® O @ E



LLearn more about CCNN

Ofres Op

Thank you!



