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Time Series In The Real World
Uniform time series

Nonuniform time series



Discrete Convolution On Time Series
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Discrete Convolution On Time Series

Signal x(t) Convolution kernel C

x(t) C

non-uniformly sampling

x(t) C (uniform)

Errors on the non-uniform sampled signal



Continuous CNN Theorem
Problem formulation

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

(1) Recover 𝒙/(𝒕) via interpolation

𝑥1 𝑡 = Σ"456 𝑥(𝑡")𝐼(𝑡 − 𝑡", 𝒯"#, 𝒳"#) + 𝜖(𝑡, 𝒯"#, 𝒳"#)

(2) Continuous convolution on 𝒙/(𝒕)

𝑦 𝑡+,- = 𝑥1 𝑡 ∗ 𝐶 𝑡 |?4?@AB + 𝑏

𝒳"#

𝒙/(𝒕)

Convolution kernel C 𝑦 𝑡+,-
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Continuous Convolution Layer

𝐾 𝑡+,- − 𝑡"; 𝒯"#, 𝒳"# = 𝐾({𝑡+,- − 𝑡"±PQ, 𝑥(𝑡"±PQ})
(1) Stationarity and Finite Dependency

(2) Finite Kernel Length
𝐾 𝑡+,- − 𝑡"; 𝒯"# = 0, ∀ 𝑡+,- − 𝑡" > 𝐿W

Assumptions: Two-hot encoding: 

𝑔W =
𝜋W − Δ𝑡

𝛿
; 𝑔W\5 =

Δ𝑡 − 𝜋W]5
𝛿

;
𝑔^ = 0, ∀𝑙 ∉ {𝑘 − 1, 𝑘}

𝜋W]c 𝜋W]5 𝜋W 𝜋W\5 𝜋W\c

Δt

𝜋W]c 𝜋W]5 𝜋W 𝜋W\5 𝜋W\c

𝛿 𝛿 𝛿 𝛿

ΔtCausal setting for forecasting task: 

𝑡+,-

𝑡"]c 𝑡"𝑡"]5 𝑡"\5 𝑡"\c 𝑡"\d 𝑡"\e𝑡"]d

[𝑡"]PQ, 𝑡"\PQ]
(1) 

𝑡+,- − 𝑡" ≤ 𝐿W(2) 

𝑡+,-

𝑡"]c 𝑡"𝑡"]5 𝑡"\5 𝑡"\c 𝑡"\d 𝑡"\e𝑡"]d

(1) 

𝑡+,- − 𝑡" ≤ 𝐿W(2) 

𝛿 𝛿 𝛿 𝛿
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Continuous Convolution Layer

Feedforward Network

𝑥(𝑡")
	𝑥 𝑡"±5
	…

𝑥(𝑡"±PQ)

Two-hot Encoding

𝑡+,- 	− 𝑡" ≤ 𝐿W?

𝑡+,- − 𝑡", 𝑡+,- 	− 𝑡"±5, … , 𝑡+,- − 𝑡"±PQ

T

F

0

𝐾(𝑡+,- − 𝑡"; 𝒯"#,𝒳"#)
Feedforward 

Network

Two-hot 
Encoding
𝑡+,- − 𝑡i∗,	
𝑡+,- 	− 𝑡i∗±5,	

… , 𝑡+,- − 𝑡i∗±Pj

𝑥(𝑡i∗)
	𝑥 𝑡i∗±5
	…

𝑥(𝑡i∗±Pj)

𝛽(𝑡+,-; 𝒯"#,𝒳"#)

(a) Kernel network (b) Bias network



Continuous Convolution Layer

𝑦(𝑡+,-)

𝛽(𝑡+,-; 𝒯"#,𝒳"#) BN

KN

𝐾(𝑡+,- − 𝑡"; 𝒯"#,𝒳"#)

𝑥(𝑡")…

KN

𝐾(𝑡+,- − 𝑡"\5; 𝒯"#,𝒳"#)

𝑥(𝑡"\5) …

Continuous convolution layer

KN

BN



Evaluations: Autoregression
𝑥(𝑡) = sin	(

2𝜋𝑡
𝑇
)

�̇� 𝑡 = 𝛽
𝑥(𝑡 − 𝜏)

1 + 𝑥 𝑡 − 𝜏 # − 𝛾𝑥(𝑡)

�̇� 𝑡 = 𝜎 𝑦 𝑡 − 𝑥 𝑡
�̇� 𝑡 = −𝑥 𝑡 𝑧 𝑡 + 𝛾𝑥 𝑡 − 𝑦 𝑡

�̇� 𝑡 = 𝑥 𝑡 𝑦 𝑡 − 𝑏𝑧(𝑡)

MSE loss in 10-2

Sine:

Mackey-Glass:

Lorenz:

!"!"#$ !"%$ !"!"#$ !"%$ !"!"#$ !"%$

(a) Point-wise(-P) (b) Linear(-L) (c) Sinc(-S)
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Sine:

MSE loss in 10-2



Evaluations: Temporal Point Process

CCNN

!(#$)!(#$&') !(#$(') !(#$())
#$(' ##$ #$()#$&'

History embedding: ℎ$() f,∗(#|{(!0, 20}) History weight(4)Current decay(5)
Base intensity(6)TPP Frontend:

#̂$(8 = :;[=,∗(#| !0, 20 ]
Predicted time interval to !$(8

DNN Backend

t
Δ𝑇?

𝜆(𝜏|(𝑥i, 𝜏i))

𝑥i 𝑥i\5 𝑥i\c𝑥i]5𝑥i]c
𝜏i 𝜏i\5 𝜏i\c𝜏i]5𝜏i]c

𝜆 𝜏 = exp	(𝑣ℎ + 𝑤𝜏 + 𝑏) 𝑓 𝑡 = } 𝜆 𝜏 𝑑𝜏
-

	 Δ𝑇 = 𝔼 𝑓(𝑡 )	

CCNN
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History embedding: ℎ$() f,∗(#|{(!0, 20}) History weight(4)Current decay(5)
Base intensity(6)TPP Frontend:
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Predicted time interval to !$(8

DNN Backend



Evaluations: Temporal Point Process



Learn more about CCNN

Thank you!

Code LinkPaper Link


