M

-

a A2

MEnsA : Mix-up Ensemble Average for Unsupervised june 18-22 2023 a
Multi Target Domain Adaptation on 3D Point Clouds cv P R‘H 45 ’"ﬁ l[
\I/ANCOUVER CANADA

Ashish Sinha! |...|

ISimon Fraser University “Yonsei University

Method

Main Idea: Inspired by mixup, we propose to take an ensemble average of
the shared (i.e. mixed) latent representations of source and NV target domains,
modelled as a random variable.
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Experiments & Results

Quantitative Classification Results (%) on PointDA-10 Dataset
Comparison with prior UDA methods in MTDA setting

Problem Definition

Variants of Our Mixup Formula-
tion
Factor-Mixup:

Goal:

Unsupervised MTDA for point
cloud via ensemble average.
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