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Introduction

Any machine learning pipeline includes some form of:

1. Comparison of distributions

2. Matching of distributions

3. Averaging of distributions
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2. Matching distributions Time series alignment: DTW

2. Matching of distributions

Can this matching be used for time series

Optimal transport finds data ?
a smooth / probabilistic alignment
using some underlying geometry
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2. Matching distributions Time series alignment: DTW
.

77 N
\
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Dynamic time warping / \
[Sakoe & Chiba, 1972] ) 4 \

dtwa(z,y) = mun > Aij A(zi, y;)
| Dynamic programming recursion

2,]
Algorithm 1 Forward recursion to compute dtwv(x, y)
(Cuturi & Blondel, 2017)  Softmin and intermediate alignment costs

1: Inputs: x, y, smoothing v > 0, distance function ¢
2: To0 = O;’I“z',() = T0,j = 031 € IITL]],] c [[m]]

3: forg=1,...,mdo

4 for:=1,...,ndo

5: i = 0(Ti,y5) +min"{r;_1 j_1,7—1,4,Tij—1}
6: end for
7

8

+ Differentiability

+ Sensitivity to time shifts
(Janati et al., 2020)

. end for
: Qutput: (7, ,, R)

1 2



Small recap

1. Comparing distributions
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2. Matching distributions
Optimal Transport Matching time series data (dtw)
OT(a, i I(Illlil 5//Cd7r dtWA(CE,y) = 5411619\ Az’j A($Z, y])

iJ
3. Averaging distributions

For any distance above, define the Fréchet mean:  arg min Z wiDist(ay, )
B _
2 k=1
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(Euclidean / KL) (OT)
¥

¥
l O'T averaging l

iS minimizing “spatial -
variance”




3. Averaging spatio-temporal data

Similarly, averaging time series we can use:

K
arg min Z wi Dist(ag, )
b k=1
With Dist = dynamic time warping: dtwa (z,y) = glel,rzl\ Aij A(«Ti, yj)

iJ
What about averaging spatio-temporal data ?

Use DTW with a cost A (xi, Y j) defined through optimal transport

[Janati et al, 2022]
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