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How to learn representations invariant to nuisance attribute is a universal problem among machine learning
applications. This paper holds the following three contributions to this problem. First, we empirically show that
adversarial training using categorical attribute classifier, which is one of the state-of-the-art approaches and called
adversarial feature learning (AFL), is suffered from practical issues that significantly slow down the convergence.
Second, we reformulate the optimization problem of AFL as pair-wise distribution matching and derive a new
approach for learning invariant representations. Finally, we introduce parameter sharing techniques to reduce the
computation difficulty of our strategy. Empirical results show the superior performance of our proposed method
on both toy dataset and well-used domain generalization tasks.
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1: .

(a) MNISTR

DAN SN PWD

M0 83.6± 0.4 87.7± 0.9 89.6± 0.6

M15 98.4± 0.6 98.6± 0.2 98.7± 0.1

M30 97.3± 0.4 97.1± 0.3 98.2± 0.6

M45 91.1± 0.8 90.9± 1.0 94.4± 0.7

M60 96.5± 1.0 97.9± 0.3 98.3± 0.7

M75 86.1± 2.0 89.8± 0.4 87.7± 2.1

Avg 92.16 93.66 94.49

(b) PACS

DAN SN PWD

art 53.2± 2.7 56.5± 2.0 60.4± 2.0

cartoon 60.2± 3.2 61.4± 1.8 65.2± 1.1

photo 82.5± 1.3 81.5± 1.0 84.5± 1.1

sketch 59.5± 2.6 59.7± 8.2 60.9± 1.7

Avg 63.85 64.79 67.76

4.2
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