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Introduction




Problem Setting

e Domain Adaptation (DA): Source
distribution # Target distribution
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e Multi-Source DA: Training
distribution is composed of multiple,
heterogeneous distributions.

Challenge: how to exploit similarities between the sources for MSDA?

[Crammer, Kearns and Wortman, 2008]
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Background




Optimal Transport
OT plans: II(P,Q) = {m € R™™ : 3" m; =m™!, and, > Mij = n~t}

e Effort of transportation,
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mell(P,Q) 7 (L) OT plan (R) Matched points

Wasserstein distance: Wo(P,Q) = > 7505

[Montesuma, Mboula and Souloumiac, 2023]



[Courty et al., 2017]

Optimal Transport & Domain Adaptation
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Dictionary Learning

From a set of vectors X € RV*? DiL learns a set of atoms P € RE*4 and
representations A € RV*K gt

N
1
argmin N Z L(xe,PTay) +XaQ4(A) + ApQp(P),
P.A i=1

Reconstruction Loss Regularization

Example: Principal Component Analysis,
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Dataset Dictionary Learning




Dataset Dictionary Learning - Setting

e Set of datasets Q; € O,

ng
Qf(x7 y) = i Z J| (%, y)_(X(Qf), y(Qz)>
e i=1 \zﬁ’z__/

Real Samples

e Each atom is a virtual dataset
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Dataset Dictionary Learning - Framework

Latent Space of ¢
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Dataset Dictionary Learning - Framework

For a set of datasets Q = {Qg}évzl, atoms P = {Pk} and A = {ag}évzl, Yopouk =1,
we propose the Dataset Dictionary Learning (DaDiL) framework through,

N
1 A
P, AY) = argmin — Y L(Qy, Blay; P)),
( ) gl N@; (Qe, B(ag; P))
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Dataset Dictionary Learning
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Dataset Dictionary Learning - DaDiL-R

___Latent Spaceof ¢ h = argmin Ry, (h)
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Rop(h) < Rpp(h)+ Wa(Qr,Br) +/20021/5)/¢ (\/1/n + \/1/nT) +min Ro,(h) + Rp, (h),
—_——— heH

Reconstruction Error

Sample Complexity O(n—l/Z) Adaptation Complexity
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Dataset Dictionary Learning - DaDiL-E
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Dataset Dictionary Learning - DaDiL-E

Theoretical bound,

K
Rar(ha) < Ralha) + Wa(Qr, B(a; P)) + > axWa( Py, B(a; P))
. k=1

Reconstruction Error

Dictionary Geometry
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Experiments




Multi-Source Domain Adaptation
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Multi-Source Domain Adaptation
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Atom Interpolations

Amazon dSLR Webcam Caltech
[N

Wy(B(a:; P), Qr)

x
x

I I I I
2375.81 2662.93 2950.04 2356.68 3034.20 3711.72 238145 2613.81 2846.17  2510.93 2917.88 3324.82

A A A

I I I I
88.02 90.78 93.54 76.88 86.88 96.88 98.64 99.32 100.00 83.20 87.24 91.29

b b

I I I I
88.75 91.20 93.65 76.88 86.88 96.88 96.61 98.31 100.00 8276 86.89 91.02

Acc (E)

Acc (R)
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Conclusion




Final Remarks

e We propose a novel DiLL framework over point clouds.

e Based on our dictionary we provide 2 theoretically driven MSDA methods.

e Our methods achieve SOTA, and atom interpolations generalize to the target.
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