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Context of my
research

Machine Learning for
Remote Sensing

- Challenges

- Labelled training samples
are. ..

- Costly to acquire
- Noisy

- Heterogeneous data
(different sensors, ...)

- Temporal aspects
(satellite constellations) and
other structural information

Image from esa.int
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Why using dedicated matching-based metrics?

Euclidean k-means
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In this talk, | will...

Introduce distances between structured objects...
Graphs

(Sets of) Time Series

X = (o, ---,0)

... to be used in machine learning models
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Optimal Transport in a nutshell

Two probability distributions A cost function

= 100z v=> ", b0, c(x,y) : X xY — R
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We want to route all the breads from bakeries to cafés the
5 R. Tav cheapest way
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Optimal Transport in a nutshell

Two probability distributions A cost function

= 100z v=> ", b0, c(x,y) : X xY — R

Kantorovitch formulation ™M,

Wé%l%g,b) 7;721 C(xi’ y])ﬂ-zj
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Optimal Transport in a nutshell

Two probability distributions A cost function

= 100z v=> ", b0, c(x,y) : X xY — R

Kantorovitch formulation ™M,

.:éé%l&l,i;):ijjzil (i, Yj )73

!

Set of couplings/
transport plans

II(a,b)
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Optimal Transport in a nutshell

Two probability distributions A cost function

= 100z v=> ", b0, c(x,y) : X xY — R

Kantorovitch formulation ™M,

i o

v

How much is shifted
from X; to Y,
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Optimal Transport in a nutshell

Two probability distributions A cost function

= 100z v=> ", b0, c(x,y) : X xY — R

Kantorovitch formulation M, o emm===ma, -
min > 2 c(wi, y;)miy
WEH(& b) ’L,J 1 L -

Cost of moving masses
from I; to Y;
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Optimal Transport in a nutshell

Two probability distributions A cost function
n m
U= Zz’zl A;0y, V = Zi:j bjéyj c(x, y) A XY >R

Kantorovitch formulation Le- m,mn Sel
2 4 )
min ), c(wi, yj)m;
well(a,b) 1,7=1 _adl
v
Total cost
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Optimal Transport in a nutshell

Two probability distributions A cost function

= 100z v=> ", b0, c(x,y) : X xY — R

Kantorovitch formulation ™M,

WEIII_}%EIll,b) i,jzil C(xi7 yj)ﬂ-w
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Matching Structures with Optimal Transport

F. Memol

Y

\Wasserstein distance Gromov-Wasserstein distance
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Matching Graphs
Vayer et al, ICML'19]
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Matching Graphs
Vayer et al, ICML'19]
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Matching Graphs G
Vayer et al, ICML’19]

Wasserstein distance

mﬂin Z dz’j 7T7;7j
i,]
Gromov-Wasserstein distance
min Z Lz’jk: 7Tz',j7Tk,l
Tk
d;, Lij dp. Fused-Gromov-Wasserstein (FGW) distance
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Matching Graphs
Vayer et al, [CML 19]

U

Noiseless graph  Sample 1 Sample 2 Sample 3 Sample 4 Sample 5 Sample 6
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Matching Graphs
Vayer et al, [CML 19]

Training dataset examples Centroids
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In this talk, | will...

Introduce distances between structured objects...
Graphs

(Sets of) Time Series

X = (o, ---,0)

... to be used in machine learning models
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Matching Time Series x = (eo,--- ,0)
Dynamic Time Warping (DTW)

Elastic similarity measure AN
Invariant to time shifts A

Algorithm 1: Dynamic Time Warping

Data: s,t: time series
// Main loop
for i = 1..n do
for j = 1..m do
| v, < d(si,t5) +min(yi-1,5,Yi,-1,Yi-1,j-1)
end
end
return v,
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Matching-based metrics
Time Series vs distributions

.« o |TT

Dynamic Time Warping
7T 1S @ monotonically increasing
connected path
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\Wasserstein distance
7T 1S a map w. fixed marginals
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Matching Time Series x = (o, ,0)
softD TW: a differentiable surrogate for DTW

Soft-min instead of min
in DTW formulation:

min ' E di’jﬂ'i’j
7T . .
vy

min?(—a,a)

Input

Output

~  Euclidean loss
e Soft-DTW loss
a Ground truth
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Matching Time Series x = (eo,--- ,0)
DTW with Global Invariances [Vayer et al, ArXiv’20]

T

]
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Matching Time Series x = (eo,--- ,0)
DTW with Global Invariances [Vayer et al, ArXiv’20]

X (x')

-\ I \ \—/ l ) V2,3 \
’ A) 4 \
DTW path ' Registration
* \//

: —argmmg d(x;, .CEj

1]
. DTW-GI - softDTW-G
. Alternate between + Gradient-descent on
. DTW (for a fixed registration) manifold (Stiefel constraints)
. Procrustes (for a fixed * Parametrized family of
temporal alignment) registrations

(eg. a neural network)
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Matching Time Series x = (eo,--- ,0)
DTW with Global Invariances [Vayer et al, ArXiv’20]

- Application to MoCap data forecasting

Sample 1 Samplc 2 Sample 3 Sample 4
I’ T I .
ar A B B
) ReSUH:S Method Average test error
L2 183.11 +/- 3.90
softDTW [24] 183.12 +/- 3.90
CTwW [16] 183.11 +/- 3.90
| { GromovDTw [20] 181.28 +/- 3.71
‘{‘ t [ \1” .7 IFrocrustes 46.33 +/- (.21
bl f g\ scftDITW+Freccrustes 43.16 +/- 0.06
," ALk softDTW-GI (ours) 39.58 +/- 0.34
Baseline without Baseline without time
Ours o -
explicit map (CTW) warping (L2+Proc.)
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Matching sets of Time Series
Domain Adaptation in Time & Space (ongoing)
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Remote Sensing context
ots of data but annotations are costly

Domain Adaptation (DA) is key
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Matching sets of Time Series
Domain Adaptation in Time & Space (ongoing)

A —

0 100 200 km ~
[ A
: ___>]

Dynamic Time Warping

(t) / path
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Matching sets of Time Series

Ground truth source labels

Domain Adaptation in Time & Space (ongoing)
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Matching sets of Time Series
Domain Adaptation in Time & Space (ongoing)

No Adaptation CoDATS-WS

DN S

MAD (a = 0.001) MAD (« = 0.1)

Latent space visualization
(MDS)
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Matching sets of Time Series
Domain Adaptation in Time & Space (ongoing)

Prohlem No adaptation|CoDATS-WSMAD Target only
DK1 » FRI1 65.2 + 2.1 G6.2 + 6.8 735.7+1.6 |(93.3+0.2
DK1 — FR2 654+ 1.4 70.1 2.0 71.0 0.7 |(93.21+0.2
DKl — ATl 76.5 1 2.7 8.1 144 81.01£3.1 (9641 0.2
FR1 — DK1 56.0+ 1.3 70.5 £ 9.3 71.7T+ 2.8 |98.4+0.1
FR1 — FR2 7.8 £ 8.5 75.7 4.0 79.1 =2.0 |(93.21+0.2
Tarn — Brittany|88.45 1. 3.65 [96.0 L 1.6 98.87 4-0.44(99.68 1 0.05
Brittany » Tarn|48.914+0.63 (93.6 + 0.1 |90.63+1.11 |98.64 +0.18

Table 3. Classilication accuracies on mini TimeMatch and TarnBZH datasets.
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Conclusion

- Structured data is a great playground!

- Matching-based methods have a role to play

Links between OT and DTW

- Still a lot to be done f/\“m«,
- Software (Python libraries)

- tslearn for time series

POT for optimal transport
Find more (incl. code) at

- rtavenar.qgithub.io/hdr/ (my work)
- rtavenar.qgithub.io/blog/ (intro. to DTW and variants)
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