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This paper investigates neural network based model for domain generalization: how to acquire knowledges,
which is useful for previously unseen domains, from an arbitrary number of related domains. We propose the
use of adversarial training framework to learn domain invariant representations, whilst preserving the functional

relationship between input and output variables.

The proposed method considers both an adversarial domain

classifier and a regular label classifier during training, which allows the model to learn representations that help the
classifier to distinguish label but which, at the same time, prevents it from becoming domain-specific representations.
This paper provides empirical validations of the efficacy of the proposed method using activity recognition tasks
based on data of wearables, which is typical case that requires domain generalization.
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Require: dataset D = {(zn, yn,un)}f\;l,

parameter A
Ensure: neural network {6, 0y, Ou}
t <1
while training() do
Ly, <+ eq.3 VY (xn,un) € D
Ou < Ou + 55>
Ly, L, + eq 2 V(Zn,yn) € D,eq.3 Y(Tn,un) € D
At < aneeling(\, t)
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