Convolutional monge mapping normalization on sleep data
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Multi-source domain adaptation
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Proposition — Mapping to the barycenter of the domains to cancel their specificities .
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Assumptions: Multivariate
Gaussian stationary signals

— How to reduce the shift between domains?
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Monge mapping for Gaussian stationary signals

Let consider Gaussian distributions g = N(my, X4) with d € {s, t}.

The OT mapping, also called Monge mapping, can be expressed as the following affine
function :

N

_1 1 1 _1
m(x) = A(x —mg) + m;, with A=X. (zgztzg) S.2 AT,
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function :
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m(x) = A(x —mg) + m;, with A=X. (zgztzg) S.2 AT,
The Discrete Fourier Transform (DFT) can diagonalize the circulant matrix
Y = Fdiag(p)F*,

with F and F* the Fourier transform operator and its inverse, and p the Power Spectral
Density (PSD) of the signal.
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Wasserstein barycenter between Gaussian stationary signals

Considering multiple Gaussian distributions px. The barycenter [ is expressed as
K

.1 >
(L = arg min — Ws (s, )
fi = arg min o ; 5 (1 1)

The barycenter is still a Gaussian distribution i = A/(m, ¥)
— No closed-form for computing the covariance X .

One uses the following optimality condition from ?

?Agueh et al. Barycenters in the Wasserstein Space, 2011, SIAM
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Wasserstein barycenter between Gaussian stationary signals
Considering multiple Gaussian distributions px. The barycenter [ is expressed as
K

1
(L = arg min — W2 (u, . 1
fi = arg mi K; 5 (1 1) (1)

The barycenter is still a Gaussian distribution ji = A/(fm,X) .
Lemma from Gnassounou et al.

Consider K centered stationary Gaussian signals of PSD py with k € [K], the Wasserstein
barycenter of the K signals is a centered stationary Gaussian signal of PSD p with:
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Convolutional Monge Mapping Normalization (CMMN)
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Convolutional Monge Mapping Normalization (CMMN)
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Conclusion

Come see the poster for the results on sleep staging!
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